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Abstract 
 
Congestion pricing has been successfully implemented in several cities in the 
industrialised world, including Singapore, London, Stockholm, and Milan. Those 
systems are reliant on an extensive institutional framework, including databases of 
vehicles and personal identities, electronic payment channels, and perhaps most 
importantly, a cost effective method for ex post debt collection. In a context where 
such institutional support is weak, e.g. a developing nation or a road network with a 
large share of international traffic, the existing framework is not fully applicable. This 
paper suggests a conceptual model for solving these challenges, based on the simple 
assumption that visiting vehicles will eventually come back to the system, and can be 
enforced on site when they do. As part of the concept, the vehicles themselves are 
used as collateral for any unpaid tolls, and the operator is actively selecting which 
vehicles to target when optimizing enforcement operations. For this conceptual model 
to function consistently, a few design requirements are identified, related to the 
technical construction as well as the charging rules and the underpinning legal 
framework. A formal model is proposed, and finally, the model is implemented in a 
simulation environment and is calibrated to get an order of magnitude estimate of the 
most important parameters and the potential benefits of the system.  
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1. Introduction 
 
Traffic congestion is a cost to society, and risks hampering the healthy growth of an 
economy. When land is abundant and construction costs low, it may be feasible to 
increase capacity to improve mobility. But in most urban areas, land is scarce and 
construction costly. Therefore, traffic engineers and transport economists alike often 
suggest the use a monetary surcharge to dissuade those drivers who have an 
alternative available from driving on the most attractive roads during rush hour. When 
effective, such congestion pricing keeps traffic demand down during the busiest hours 
of the day, making traffic flow both faster and more predictably, thereby reducing the 
economic and social damage caused by congestion. It is well established, both 
theoretically (e.g. Vickrey, 1969; Arnott et. al., 1994) and empirically (e.g. Evans, 
2007; Eliasson, 2009), that the welfare effects of such a system can be substantial. 
 
For a congestion pricing system to effectively reduce congestion, the system itself 
must have a low profile, and not itself add to congestion. It cannot for example use 
the type of tollbooths with barriers that open once payment is completed, as often 
seen on toll motorways. Still, for a congestion pricing system to work, there must be 
some way of capturing and penalizing those attempting to evade the charge.  
 
There are four full-scale congestion pricing systems implemented (Singapore, 
London, Stockholm, and Milan) each with its own technical solution for soliciting the 
charge from drivers. But these systems have one feature in common; those who drive 
through the system without paying are enforced by the same three-step process. First, 
a picture is taken of the evading vehicle. Second, the name and address of the liable 
owner of the vehicle is looked up in government databases. Third, an ex post 
collection process is initiated, by invoicing the liable owner, and if that does not lead 
to payment, the debt is pursued by the court-supported collection mechanisms in each 
country. 
 
Each of these three steps is reliant on several institutions in conjunction. First of all, 
there must be some way of making a sufficiently certain identification of a vehicle, 
based on its license plate number. The authority or operator in question does this by 
keeping a database of all registered vehicles, their licence plate number, the owners’ 
name and address, and the payment status of any outstanding debt. Second, there must 
be a trusted, comprehensive, and low cost collection method, by which the authority 
in question can get in touch with and claim its outstanding debt – typically an invoice. 
Third, there must be an equally well functioning method for legal collection, i.e. the 
forceful capturing of assets from those who still refuses to pay.  
 
In industrialized countries, characterized by the rule of law, strong institutions, and 
functioning consumer credit markets, the availability of an enforcement chain meeting 
these three requirements is so ubiquitous that they are easily taken for granted. But in 
many of the crowded cities in the developing world, the situation is less than optimal 
in all of these cases. This makes the conceptual design used in today’s congestion 
pricing systems insufficient for solving the dire situation in the world’s poor and 
crowded cities.  
 
The same characteristics are also true for international road tolling across developed 
nations. A country with a significant share of its traffic being visitors from other 
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countries, or international transit traffic with neither origin nor destination inside the 
country, is likely to face the problems of no complete vehicle database and no way to 
first request and then possibly forcefully claim outstanding tolls from a debtor. 
Although the paper is written with the context of a developing country in mind, much 
of it is also applicable to any case of free flow road tolling where international traffic 
is also liable to pay.  
 
It shall be noted that the design proposed in this paper is only related to the chain of 
institutions and functions making up the enforcement process. It is the completeness 
of this chain, combined with the force of its last step, which exercises influence on the 
driver to choose to pay honestly rather than cheating. Once the drivers opt for paying 
honestly, a host of convenient and automated payment options can be offered. These 
are however outside of scope for this analysis. 
 
The purpose of this paper is to describe a simple enforcement concept based on 
capturing charge evaders as they return to the system and use the vehicles themselves 
as collateral for any outstanding debt. To be relevant in a developing country context, 
the system characteristics are defined to fit the requirement of a low-cost design with 
no upfront need for a complete vehicle license plate database or debt collection 
mechanism. To make the concept clear of any ambiguity, it is mathematically 
formalised by a model of the drivers’ and operator’s incentives, based on the 
assumption of rational choice and cost minimisation. In order to identify important 
design parameters and obtain some intuition for the scale of the effort required to 
conduct enforcement under the suggested system, the model is finally implemented in 
a computer simulation with actors representing the decisions of the drivers as well as 
those of the operator.  
 
Section 2 presents a brief summary of relevant previous research, after which section 
3 lays out the concept and its characteristics, section 4 formalises the model for 
behaviour and incentives, which section 5 then transfers to a simulation environment. 
Section 6 presents the results, followed by section 7 with including a summary of 
potential criticism against the concept, after which section 8 concludes. 
 

2. Theory 
 
The ideas presented in this paper build on information from various fields. The basis 
of the problem description stems from the combination of traditional transport 
economics and its analysis of congestion, and the challenges those theories meet when 
being practically implemented, as experienced in the Intelligent Transport Systems 
industry. The concept itself, and especially the formal model and simulation 
programme builds on key findings from criminology and economics of crime, where 
there is a long tradition of modelling people’s behaviour in terms of choosing crime 
or honesty, and modelling the valuation of alternatives including the discounting of 
future gains and losses. Some of the most important influences from this tradition are 
summarised in this section. 
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2.1. Rational criminals  
 
‘The profit of the crime is the force which urges a man to delinquency—the pain of 
the punishment is the force employed to restrain him from it.  If the first of these 
forces be the greater, the crime will be committed  ; if the second the crime will not be 
committed. If then a man having reaped the profit of a crime and undergone the 
punishment, finds the former more than equivalent to the latter he will go on 
offending for ever ; there is nothing to restrain him. If those, also, who behold him, 
reckon that the balance of gain is in favour of the delinquent, the punishment will be 
useless for the purposes of example.’ (Bentham and Dumont [1775] 1830 p.33)  
 
Although first explored by Jeremy Bentham during the 18th century, it was not until 
Becker’s (1968) seminal paper that rational choice theory became a widespread 
method for understanding criminal behaviour. Among the conclusions derived by 
Becker is the notion that there is an optimal level of crime in each society, because 
reducing crime beyond this would come at higher cost than it would create benefits.  
 
A central theme in Becker’s analysis is that of the how the probability of being 
punished, and the severity of the punishment combined makes up the downside to the 
offender in his utility function. This calculation of the product of probability and 
severity is at the core of most rational choice approaches to criminal behaviour ever 
since. In Becker’s analysis, and other early empirical studies based upon it, it is the 
objective likelihood of getting caught that is used for this purpose, manifest in the 
expected utility.  
 
In more recent studies however, attempts have been made to work with a more 
realistic measurement of a subjective and imperfect perception of the risks of getting 
caught. In such cases, a probability distribution is used, instead of a single objective 
value. In its simplest form a person begins with an upfront estimate of the probability 
of getting caught, and as events unfold, either by own experiences or by learning from 
others, these perceived probabilities are adjusted, so that the posterior probabilities 
better reflect the true values (see for example Nagin, 1975). 
 
Others have followed, in softening the edges of the rational choice-based modelling of 
behaviour. Kahneman and Tversky (1972 and 1974) use evidence from cognitive 
psychology to show how people make mental shortcuts, heuristics, leading to biases 
in their risk perception. The level of emotional distress associated with an event, will 
for example affect the extent to which it is adding to the posterior probability. In 
addition, people are sometimes susceptible to the gambler’s fallacy, whereby series of 
individual random events are incorrectly believed to be interlinked. For criminal 
behaviour, this may translate to believing that the fact that they have not been caught 
a number of times in sequence means that they are ‘due’ to get caught the next time 
(Pogarsky and Piquero, 2003).  
 
Empirical studies generally confirm both that criminals do take risk and rewards into 
consideration, and that this is done without perfect foresight and with some preference 
towards risk. Eide (1997) finds in a meta-study that the probability of getting captured 
is significant determinant of criminal behaviour in most studies, but that the severity 
factor, i.e. the size of the punishment, can be ambiguous under some circumstances, 
especially in the case of juvenile delinquency or when the self-image is that of a 
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criminal, which is associated with a positive preference for risk. When it comes to 
less passionate crimes, such as tax evasion, both probability and severity are 
repeatedly found to have a predictable negative impact on crime rates (Eide, 1997). 
 
McCarthy (2002) offers a thorough summary of the arguments for and against a 
rational choice approach to criminal behaviour, concluding that although there is a 
long list of well-documented counterexamples, rational choice is still the rule rather 
than the exception. This has since been confirmed by Matsueda et al (2006), who find 
that in a study of a large population that even among juvenile delinquents there is a 
strong presence of rational choice in the decision-making leading up to criminal or 
honest behaviour. 

2.2. Multiple equilibria of crime 
Becker (1968) keeps his analysis in a static one-period world. He does however hint 
at an interaction between the law enforcing agency and the criminals, by maintaining 
that the cost, or effort, of the enforcement agency has to be higher in the case of a 
higher crime rate, if the probability of punishment is to be kept constant (Becker, 
1968 pp.175-177). Taking the full consequences of doing this however, by 
endogenising the current crime rate as a function of the enforcement effort and the 
crime rate in previous periods, is a task he leaves for later scholars.  
 
Ehrlich (1973) takes the first step by empirically estimating how the crime rate 
influences the probability of getting caught. Blumstein and Nagin (1978) further 
develops the model depicting how increasing crime rates combined with a fixed 
supply of prisons leads to shorter periods of incarceration, which then reduces the 
weight of the punishment, in turn increasing the likelihood of agents choosing crime 
in the following periods. In a road pricing context, one can think of the level of 
cheating as the crime rate and the fines handed out as the incarceration. If all drivers 
cheat on the toll, and the operator has a limited budget for enforcement, the share of 
cheaters who get fined will go down. 
 
Sah (1991) presents a general formalised model of criminal behaviour on both the 
individual and the societal level, including multiple equilibria of crime rates. In it he 
captures the path dependency of the crime rate, by allowing for agents’ perception of 
punishment probability to be a function of, among other things, the rate of capture and 
conviction observed in an agent’s peer group. Building on the notion that probability 
of being caught is a key determinant in criminal behaviour, Freeman et al. (1996) are 
able to show how multiple equilibria of crime rates can occur in neighbouring 
regions, homogenous in all other aspects, only by varying the initial level of crime. 
The reason is simple enough once spelled out; criminal behaviour is causing a 
positive externality for other criminals, in that it reduces the likelihood for each 
criminal of getting caught, and thus, they are likely to voluntarily collocate. It is 
reasonable to expect a similar phenomenon to exist in road pricing. 
 
Around this time, models are suggested in quick succession by e.g. Rasmussen et al 
(1993), Schrag and Scotchmer (1997), Fender (1999), and Wang et. al. (2005), 
addressing some issue by allowing for greater heterogeneity in one dimension. 
Winoto (2003) breaks with the tradition, and publishes the first study that allows for 
heterogeneity in so many variables that an analytical solution is no longer within 
reach. Instead, Winoto creates a simulated multi-period variant of Fender’s society, 
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allowing for learning, recidivism, and discounting of the future gains and 
punishments. This makes possible a less idealised and more life-like simulation of a 
population interacting with a law enforcement agency. 
 
Moving further into game theory, Kleiman and Kilmer (2009) repeats the finding of 
multiple equilibria of crime being possible at the same rate of enforcement, and goes 
on to identify a property recognised by “anyone who has successfully raised a child or 
trained a pet”; if some rule is enforced by a punishment that is swift and certain, then 
that punishment will not have to be used as often as a an equally forceful punishment 
distributed more randomly. A direct policy consequence drawn by Kleiman and 
Kilmer, is that a law enforcement agency with a limited budget will be more likely to 
tip a society into the low crime equilibrium by temporarily and dynamically focusing 
their enforcement efforts on a subset of potential criminals. Then, as this group has 
been safely guided to the low crime equilibrium, law enforcement resources are made 
available, and the target group can subsequently be enlarged.  
 
This is an important proposition, differing from the policy recommendations 
presented or implied by the previous studies mentioned. Accepting the multiple 
equilibria, it was always obvious that a “big push” of enforcement effort should, at 
least in theory, be able to tip a society from the high to the low equilibrium. A big 
push policing policy however, is likely to meet opposition, on budgetary as well as on 
principle grounds. Kleinman and Kilmer’s model leaves us with a possible way out of 
this. All that it takes is the courage to take resources away from some parts of society, 
to enable the concentration in others. This is in essence the “zero tolerance” policy 
applied by the New York police at certain petty crimes (see for example Kleinman 
and Kilmer, 2009), and for drug dealers in High Point, North Carolina (Kennedy, 
2008). In those cases, the police publicly announced their targeting of certain crimes, 
and effectively tipped those markets into the low crime equilibrium, at the expense of 
temporarily neglecting other types of crime. 

2.3. Personal Discounting 
The model presented in this paper simulates a rational choice between paying a toll 
and cheating. In addition to an estimate of the probability of getting caught, the actor 
will also have to deal with rewards and punishments handed out at different times. A 
large body of research looking into inter-temporal preferences concur on the notion 
that personal discounting, unlike traditional exponential discounting, is well described 
by a hyperbolic function. One commonly used such function is defined by Mazur 
(1986, cited in Kirby et. al. 1999) and is written 
 

! =
!

1+ !" (1) 

 
where V is the present value of amount A, k is the discount rate and D is the delay. 
Compared to exponential discounting, hyperbolic discounting means that the near 
future is valued lower but the far future higher. Once a delay is sufficiently large, an 
additional increase of time has a smaller effect. The size of k determines the 
magnitude of this effect, and can be thought of as describing the person’s 
impulsiveness (Kirby et. al. 1999).  
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This description of personal discounting as a calculation of a net present value with a 
single discount rate is however vastly simplified. The discount rate revealed by 
someone’s behaviour will in reality depend on various situational factors, which in the 
case of deciding whether to commit a crime or not can be whether the outcome is 
mainly in the actor’s control or not, or the actor’s attitude to the potential crime at 
hand (Piliavin et. al., 1986). People also discount different types of pleasures and 
pains differently; Madden et. al. (1997) showed that heroin addicts not only discounts 
hypothetical money rewards at a higher rate than non addicts – but also that if the 
reward is replaced by hypothetical heroin, discount rate inferred becomes extremely 
high. Other examples of such context dependence include evidence of the people 
expressing a very high personal discount rate by borrowing at high interest, while at 
the same time expressing opposite long terms consideration by saving for a funeral 
(Collins et.al., 2009). These findings imply that it is an over simplification to say that 
a person has a single discount rate.  
 
However, while discount rates vary, there are some common findings across surveys. 
The distribution of personal discount rates across the population is approximately log-
normally distributed, with a large variance. Young people discount steeper than 
adults, discount rates are larger for small amounts, discount rates are smaller for 
losses than for gains, and while people discount at different rates under different 
circumstances, their relative ranking is generally consistent – high discounters are 
high discounters under all scenarios (Benzion et. al. 1989; Henderson and Bateman, 
1995; Kirby et. al. 1999; Curtis, 2002, Lahav et. al. 2010).  

3. Concept definition  
 
This section provides an overview of the practical design of the concept put forward. 
Focus is deliberately only on those aspects important to meet the specific criteria for 
solving the problem of enforcement in situations with a weak institutional 
environment. Other worthy design objectives, such as optimality of charge levels, 
technical scalability, interoperability with neighbouring systems, additional 
convenient payment methods, and user privacy are deliberately left out, as they can be 
solved in many ways with no particular dependencies on the concept presented here. 

3.1. Five design principles  
While a system based on the concept presented here can be designed in many ways, 
there are five key characteristics that must be in place for the concept to function: 
 

1. Vehicle owners are required to pay the charge, without being prompted to do 
so, by depositing a balance to their vehicle’s road pricing account.  

2. Use of the roads in the system is charged for from the total balance, with no 
matching of specific passages to specific payments.  

3. If a passage is charged while there is insufficient funds in the vehicle’s 
account, a penalty amount, significantly larger than the base charge, is 
deducted (which then may lead to a negative account balance). 

4. Vehicles with an account balance lower than some predefined threshold can be 
stopped by the operator, and withheld until the outstanding full debt is paid.  
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5. Charges are associated with the vehicle, not the owner or driver, since the 
vehicle is the ultimate collateral for the debt. The debt remains with the 
vehicles, even if it is sold. 

 
As a consequence of principle 5, the charges applied are primarily of concern for the 
owner of the vehicle. This may cause problems in cases where the owner is not also 
the car’s main user. These problems are left without further analysis in this paper, 
much like a parking officer ignores who has been parking a car in an illegal spot 
before issuing a ticket. The choice of words in this paper – driver or owner – is made 
to fit the context, as if they were either the same person, or had aligned incentives. 

3.2. Putting the principles in context 
Each of the five design principles must be met to enable the concept proposed. To 
make practical use of the concept however, some further actions need to be taken. 
These are described by example in the below. In this section, there is more room for 
freedom in scheme design. 
 
Imagine a road network that is subject to a charge, accruing with on a per passage 
basis. Drivers are informed of the charge, and the longest time allowed from passage 
until the payment is due. By registering their car with its license plate number, its 
make and model, colour, and other exterior attributes, an account is created in a 
central system, to which the driver then can make deposits. As the vehicle is later 
recognised by the system, deductions are made from this account.  
 
Should the system for any reason fail to observe the vehicle at a charging point, no 
charge is due, and no action required from the driver. Thereby, a less than perfect 
identification process has an influence both on the amount charged, and the 
probability of getting caught if cheating. (This is modelled as Identification Ratio in 
the simulation below, and is largely determined by the technical performance of the 
system.) 
 
Should a vehicle make a passing with insufficient funds deposited, a penalty fee, 
larger than the normal charge, is debited to its account. Similarly, if a vehicle is 
observed which has not previously been registered, a new account is created for it 
automatically and the penalty is debited. Thereby cheating is dealt with in the same 
way regardless of whether a pre-registered account exists or not. 
 
Additional passages will lead to a penalty as long as the account is negative (or below 
a certain threshold). For the driver to get her passages to be priced at the normal 
charge level, all existing debt must first be cleared.  
 
Should a driver choose not to clear her old debts voluntarily, she may be stopped by 
the operator’s enforcement staff, and prompted to do so. At this point, the driver can 
choose to pay the full debt, and get back on the road with a clean road pricing 
account. Should however the driver be unwilling or unable to pay, the enforcement 
staff will retain the vehicle as collateral for the debt, and only allow the driver to 
recover it by paying the outstanding amount. 
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Because this process is known by the drivers, the decision situation they face is either 
to pay the charge upfront, or refrain from paying, taking the risk that they will be 
stopped and lose a maximum of their car’s value at some point in the future.  
 
Note here that the operator keeps an on-going record of vehicle passages, and when 
they choose to stop a vehicle, it is not only for this particular unpaid passage, but also 
for the complete accumulated penalties from previous unpaid passages. This makes 
the concept of getting caught different from other criminal behaviour. In this case, not 
being stopped by the enforcement agency does not mean that the offence has gone by 
without notice, and the offender can keep the loot. Quite contrary, as the operator 
monitors all traffic it will record the violation and debit the vehicle’s account. As long 
as the offender plans to return to the area where the charge is due, the only benefit 
experienced by cheating without getting stopped is the delay of the enforcement 
situation. 
 
Now the operator can set up an enforcement vehicle downstream from a charging 
point, tap into the central system, and from it get a signal when a vehicle with a 
negative account balance is approaching. No cars need to be stopped other than those 
who are known offenders, as the system keeps a complete score of outstanding debts. 
The operator has to decide when to be on the road enforcing, how many enforcement 
events to staff for, and which vehicles to wave down. These decisions are modelled as 
Monitoring Effort, indicating the share of time that there is enforcement going on; 
Enforcement Effort, indicating the maximum number of enforcement actions that can 
be executed, and selection strategy, which is described in detail in the next section. 

4. Model specification 
 
A conceptual model based on five design principles has been described in the above. 
To explore its characteristics, the incentives and decision situation for the two actors – 
the drivers and the operator – will be formalised. 
 
Consider a road pricing system adhering to the five design principles above. Let the 
account threshold, below which any additional passages are priced at penalty be zero. 
Let the allowed time to make a payment after a passage also be zero, effectively 
requiring prepayment. These assumptions increase analytical tractability without loss 
of generality.  
 
For vehicles with a sufficient prepaid balance in their account at the time of passing, a 
uniform charge of τ is charged. For vehicles making a passage with less than the 
required τ in their account, a penalty of π, significantly higher than τ, is charged. 
Charges accumulate on the account, and never expire. The charge is deducted at the 
time of passage, while the penalty is collected upon an enforcement effort, where the 
vehicle is stopped and possibly seized.  

4.1. Exogenous capture probability  
To begin with, treat enforcement as a random exogenous event, and let ρ be the 
probability for a cheating vehicle to be captured at the next passage through the 
system. A driver facing the choice of paying honestly or cheating will compare the 
expected cost of each strategy, with the cheating option including the alternatives to 
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pay the debt and to lose the car. The cost of cheating is influenced by how far into the 
future it to be likely to get enforced, which in turn depends on how often the vehicle 
is passing through the system, and the capture probability ρ. This time is a 
geometrically distributed random discrete variable, labelled t.  
 
The largest amount a driver can lose is the full value of their vehicle. By the time the 
vehicle is captured, it will have depreciated in value, and the value of the loss is 
discounted. The present expected value of vehicle v captured in the future is, with 
hyperbolic discounting applied, 
 

! = !
!!(1− !)!

1+ !"  

 
(2) 

 
where d is the depreciation factor, v0 is the vehicle value at the time of making the 
decision, and k is the discount rate.  
 
While the cost of cheating can never be larger than v, it could be smaller; if the 
accumulated penalties make up a debt smaller than the value of the car, it will be 
worthwhile to pay the debt in order to save the vehicle. The value of the debt, if 
choosing the cheat strategy, is 
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(3) 

 
where f is the frequency of passages through the charging point.  
 
The minimum of c and v is thus the maximum amount to be lost if cheating. This 
value has to be compared to the cost of paying honestly for each passage for the same 
period of time. The value of the honest option is  
 

ℎ = !
!"

1+ !"

!

!!!

 

 

(4) 

which hyperbolically discounts a series of payments of f τ  paid every period j until 
time t. A cost minimizing rational driver will choose to pay honestly whenever  
 

ℎ < min !, !  (5) 
 
meaning that the expected cost of paying honestly is less than the cost of cheating, 
capped by the expected value of the vehicle at the time of enforcement. For an 
intuition of the values, we can use the expected time to being caught t, which is 
 

! ! ≡ ! =
1
!"   

  

 
(6) 
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and then use this to approximate equation 5, yielding 
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1+ !"
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!!!
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!!(1− !)!

1+ !" . (7) 

 
Applying a wide range of values for k, ρ, and f, it turns out that this approximation is 
sufficient for intermediate values of the parameters, while for extreme combinations, 
it is necessary to estimate the function by averaging over a large range of t, 
randomized as a geometrically distributed series of values at a given !. In the 
simulation results presented in section 6 below, the latter method is applied. 
 
For an intuitive interpretation of the model however, it is sufficient to review the 
approximation. The inequality holds with a sufficiently small f, ρ, or v; or a 
sufficiently large d or k. This means a rational risk neutral car owner will cheat when 
at least one of these circumstances is true: 
 

1) The owner is passing very rarely through the system, thereby experiencing a 
large amount of depreciation and discounting for each exposure to the risk of 
getting caught.  

2) The likelihood of getting caught at each visit is very small, making the time to 
next expected enforcement long. 

3) The owner has a (very) high personal discount rate, so that even a large loss in 
the (near) future is preferred to any payments now. 

4) The vehicle is of low value compared to the charge level τ, either because it 
was cheap to begin with, or because it has depreciated at a fast rate. 

 
Note that it is only the second of these factors that the operator of the system can 
influence; the remaining three are controlled by the driver and her preferences. Note 
also that the factors 1-3 are variants on the same theme – in that time, passage 
frequency, and discount rate has jointly reduced the expected value of cheating to less 
than that of honest payments, while the fourth factor is only related to the value of the 
car. 
 
A numerical illustration assisting to evaluate the inequality (5) is found in Figure 1. 
Its parameter values have been selected to exaggerate the effect of time, for clarity. It 
shows how c, v, and h vary depending on t. Note that t does not as is common 
illustrate continuous time passing, but a series of values for the expected time to being 
caught, i.e. all t are seen from the perspective of present time. By weighting c, v, and 
h by the probability for each t (which is a function of ρ, not shown in the figure) and 
then sum each of the weighted series, the result is equivalent of inequality 5. 
 
The cost of paying honestly increases with t, until it asymptotically flattens out in the 
far future, where continued payments are discounted so heavily that they are 
negligible (exponential discounting would have caused this to happen at lower values 
for t). The cost of cheating initially increases faster than paying honestly, as the 
penalty is greater than the charge. But even though the cheating is always nominally 
more expensive than paying honestly, because penalties are only paid after being 
caught, the net present value of a penalty ticket can be smaller than the honest 
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payments, if it is discounted heavily, or sufficiently far off into the future. This cut off 
point is seen at A in figure 1.  
 
Finally, the expected value of the vehicle is also decreasing with t, by the combination 
of discounting and with the depreciation of the vehicle’s real value. In the example 
shown in figure 1, the vehicle value is expected to be sufficiently low so that giving 
up one’s car is preferred to paying honestly, for any t higher than B, and preferred to 
paying the accumulated debt for t higher than C. In this example, it is the expected 
debt that triggers the cheating first, but with a cheaper car, it may be the vehicle value 
that initially causes the honest behaviour to no longer be the preferred strategy.  
 

 
Figure 1: Numerical illustration of each component of equation 4 over a span of 
values for t. Costs are shown as positive values.  
 
Assume a vehicle owner expecting t to be greater than A, and therefore makes a bet 
on cheating. If the time it then takes to get caught is shorter than A, she will make a 
loss compared to the counter factual scenario of paying honestly, and a profit if it 
takes longer. This net is called quasi profit and is indicated by a dashed line in Figure 
1. It can be approximated with 
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where Ψ is the quasi profit. 

4.2. Endogenising capture probability  
So far capture probability has been treated as exogenous and fixed, and perfectly 
known to the drivers. This is however not realistic, as a large number of cheaters will 
soak up enforcement capacity and decrease the capture probability at each passage. 
Therefore, let ρ be a function of enforcement capacity and volume of cheating. When 
cheating is at or above the capacity limit for enforcement, ρ is simply determined by 
the number of captured cheaters divided by the number of cheating passages is the 
previous period. Call this the captured fraction. The captured fraction is limited by 
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the capacity to carry out enforcement, which is defined by a maximum number of 
enforcement events that the operator can carry out per period. Call this number the 
enforcement effort. 
 
If however cheating is at a level so low that the entire enforcement effort is not 
utilised, with enforcement officers idly watching a flow of honest payers, then the 
probability of being captured is higher than the captured fraction would indicate. 
Instead, ρ is then determined by two factors: 
 

a) The share of the traffic flow that is monitored by enforcement staff. Call this 
the monitoring effort. 

b) The rate at which the automated identification system can properly identify 
vehicles. Failure to do so could for example be due to malfunctioning cameras 
or smudge on the license plates. Call the share of the traffic that is properly 
identified the identification ratio.  

 
The product of these two factors makes up the maximum ρ that the operator can 
produce. While this could be modelled using one combined factor, there are reasons 
to keep the two separate. First, (a) affects only the enforcement process, while (b) also 
influence the charging process. Second, (a) is dependent on an operational decision by 
the enforcement agency while (b) is determined by the capabilities of the technical 
system.  

4.3. Delay in observation of capture probability  
As the number of drivers choosing to cheat varies, the captured fraction changes, and 
with it !. Drivers cannot observe these changes immediately, but use instead an 
approximation, determined by previously observed !, where the most recent 
observations are given higher weight. This memory of observations stretches a total of 
M periods into the past, where the most recent observation is weighted M times more 
than the most distant, and the intermediate are linearly distributed in between. The 
perceived !, labelled !, is thereby gradually influenced by the real !: 
 

!! = !"!
!

!!!

!
!

!

 

 

 
(8) 

This is a simplification compared to the Bayesian learning discussed by, among others 
Nagin (1975), in so far that all drivers are assigned the same !, and that this is one 
single value and not itself a distribution of values with different probabilities.  

4.4. Ex ante assumption of probability  
When the road pricing system is initiated, no previous observations of ! exists, and 
drivers will have to make a subjective assumption to form their first !. A low (high) 
initial !  will cause a large (small) share of the population to cheat in the first round, 
causing the captured fraction to be low (high), in turn leading to a low (high) 
observed !. Thereby, the initial assumption has not only predictive but also causal 
power over the actual outcome.  
 
It is thus reasonable to expect a negative relationship between the capture probability 
and the enforcement effort required for a population to end up in a no-cheating 
equilibrium. Figure 2 illustrates schematically such a relationship. Points in the 
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shaded area converge to a cheating equilibrium, and points in the white area converge 
to a no-cheating equilibrium. The arrows show how a “big push” strategy, as 
mentioned in section 2.1, can be used to move from high to low cheating, by first 
increasing enforcement so much that the population notices that there is little point in 
cheating, and then reduce enforcement to the lower level required to maintain a no-
cheating equilibrium.  
 
 
  
 
  
 
Figure 2: Various combinations of enforcement effort and capture probabilities 
leading to high or low cheating equilibria.   
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Border between those combinations of Enforcement Effort and Perceived 
Capture Probability which lead to cheat and no-cheat equilibria respectively, and 
how a Big Push can be applied. 
 

4.5. Selective enforcement 
Following the methodological progression from the economics of crime, summarised 
in section two, the next step would be to test if there are any enforcement selection 
strategies that reach the same result, pushing the equilibrium from high cheating to 
low cheating, but without increasing the enforcement effort, as predicted by Kleinman 
and Kilmer (2009).  
 
Instead of a random enforcement selection strategy, where any passage made by a car 
that is not paying the charge is equally likely being captured, the operator can choose 
to actively select a group of vehicles to be targeted for enforcement. Since the 
operator has access to the vehicles’ accounts, it is easy to pinpoint those with the 
largest debt, i.e. the most severe charge evaders. When applying the targeted selection 
strategy, a parameterΦ is set, determining the percentile of vehicles which shall be 
targeted. E.g: If Φ is 0.05, then enforcement is targeted on the 5% of cars with the 
highest debt. 
 
Now the captured fraction, determining ρ, is no longer dependent on the total 
population but instead the number of enforcement cases divided by the number of 
passages made by people in the target sub population. If Φ is chosen very small, then 
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ρ will approach 1, and enforcement at next passage will be close to certainty for 
drivers in the target population. In this case the time dimension collapses and even a 
car owner with a very high discount rate will choose to pay the charge, since it is 
otherwise certain that she will walk rather than drive away from the charging point. 
 
At the same time, a small Φ is only affecting a small part of the total population, 
leaving 1-Φ of the vehicles unenforced. Thus, the operator will want to pick its target 
percentile such that ρ is just so large that the drivers in the target group switch to the 
honest strategy, but not any larger.  

4.6. Learning 
When the operator uses the targeted enforcement strategy, vehicles with the highest 
outstanding debt will be selected for enforcement. Aware of this strategy, a driver 
who knows that she is passing the charging point more often than most people, knows 
that she will build her debt faster, and thus be a certain enforcement case next time 
she passes the charging point.  
 
Under the assumption of common knowledge, the situation of this most frequent 
driver is foreseen by the second most frequent driver, who now faces the exact same 
situation – since the most frequent visitor chooses to pay, it is now the second most 
frequent who has the potential of becoming debtor number one. And since the 
decision situation is the same, she too chooses to pay. And so on until all car owners 
have chosen the honest strategy. Under such an assumption of perfect foresight, all 
actors will play out the game in their heads, predict the other drivers’ behaviours, and 
react to it already in round one.  
 
This is however not entirely plausible, considering both the lack of perfect 
information about the rest of the population, and people’s persistent failure to foresee 
the outcome of simple games, such as a dollar auction (see Shubik, 1971). If just 
enough many drivers fail to foresee this development, and cheat against their own 
long-term interest, they could accumulate penalties faster than the enforcement 
process can capture them, thereby swamping the enforcement capacity, and make 
even a rational forward looking driver start cheating. 
 
To deal with this, the model must include some process for learning. The following 
rudimentary cognitive processing is defined:  
 

1) All drivers observe two pieces of information:  (i) The threshold amount of 
debt (accumulated penalties) under which no enforcement is taking place, and 
(ii) The captured fraction for vehicles above that threshold.  
 

2) Drivers do not foresee that if they choose to cheat because they are below the 
threshold, then this may in the future lead to accumulating sufficient debt so 
that they eventually will become one of the top indebted drivers themselves. 
 

3) Only when a driver is indebted at a level above the threshold, she considers 
the consequences. If at that time the perceived capture probability is 
sufficiently high, so that they switch from cheating to the honest strategy, then 
they learn to foresee that this could happen again. These drivers become 
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immune to making the decision to cheat for the reason of being under the 
enforcement threshold.  

 
The combined effect of these rules makes a driver who has a debt lower than the 
observed threshold always choosing to cheat, as the capture probability is zero. This 
assumption of no foresight without personal experience is probably an 
underestimation of people’s cognitive capacity, but it makes for a simple model that 
will not exaggerate the positive effects of the selection strategy.  

5. Simulation  
 
Winto (2003) used a simulation environment to model criminal behaviour and 
enforcement actions in a game, where each group of actors took turns at deciding their 
next move, taking the other parties’ previous moves into consideration. This kind of 
simulation can offer some desirable properties for this study as well:  
 

1) Enable the modelling of equilibria other than 0 and 100% cheating, by 
increasing the heterogeneity in the population.  

2) Test the relative performance of the selective enforcement method compared 
to random enforcement. 

3) Establish an order of magnitude estimate of the operational effort required, by 
calibrating the model to realistic values. 

 
The population is allowed heterogeneity in three parameters: discount rate, vehicle 
value, and visit frequency. Each is set to be log normally distributed.  
 
Each driver is making its cheat/honest decisions in accordance with the logic defined 
in section 4. Then the operator observes the net level of cheating and defines the 
enforcement threshold for the following period. The simulation is programmed in 
Matlab and runs in increments of one week. In each round a new decision is made for 
each actor.  
 

5.1. Parameter setting 

Population	  
Each driver-actor in the programming environment represents 100 vehicles. By 
setting N to 10,000 the population simulated is 1,000,000 vehicles in all scenarios. 

Charge	  and	  penalty	  levels	  
The base charge for honest payments is set to one Euro and the penalty to two Euros. 

Passage	  frequency	  
The distribution of vehicles’ visit frequencies is an approximation of the travel 
patterns recorded by the Stockholm Congestion Charging System. Passage 
frequencies are approximately log-normally distributed with mean 2.9 visits/week and 
mode 0.0012 (see figure 3).  
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Figure 3: Passage frequency in Stockholm and in the simulation environment, 
illustrated by cumulative share of vehicles responsible for share of traffic flow.  
 

Discount	  rate	  
Benzion et. al. (1989) finds that a loss of $5,000 is discounted at close to market 
borrowing rates. A cautious assumption of 15% annual cost of credit corresponds to a 
weekly hyperbolic discounting k of = 0.289% which is used in the simulation.  

Vehicle	  value	  and	  depreciation	  
To set this parameter, data has been collected from web sites selling used cars in 
Nairobi, Mexico City, and New Dehli. (kenyabazaar.com, usedcars.com, and 
motorworld.in) At each site, a sample of 100 ads has been selected of the makes and 
models which are most common (i.e. have the largest number of available ads). Out of 
those, an average value of €6.700 has been calculated.  
 
A vehicle is assumed to lose its entire value in 20 years, which corresponds to an 
exponential drop of 0.0665% in value per week. This is the loss of real market value 
from old age and wear and tear over the economic lifetime of the vehicle. Car values 
are randomized as to be log normally distributed, so that the median car costs €6,700, 
and the most expensive vehicle is just under €100,000.  

Identification	  ratio	  
Identification ratio is introduced in order to realistically model the fact that no 
technical system can provide perfect identification of passing vehicles. This is set to 
0.95, meaning that 5% of all passages are made without being registered in the 
system, which makes them not only unreachable for enforcement, but also means that 
the passages are not registered for debiting from the cars’ accounts.  

Operator’s	  effort	  
Enforcement effort and monitoring effort are two related measurements of the 
operators’ raw capabilities. Enforcement Effort is set to 2,000 cases per week, if 
nothing else is stated explicitly. Monitoring effort is set to 10% of the charging time, 
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which means that during 90% of the time there are no enforcement officers at the road 
side, ready to capture cheating vehicles.  

Risk	  perception	  
Initial Risk is set first to 2/10,000 in all simulations where it is not labelled as “high 
risk”, where it is set to 200/10,000.  Risk Memory is set to 10 periods in all 
simulations.  

6. Results 
 
This section presents the results from a series of runs in the simulation environment 
implementing the model laid out in the previous sections. First some simple 
configurations are introduced, aimed at relating the simulation results to the 
discussion in section 4, and then the complexity is increased gradually.  

6.1. Core behaviour 
As a baseline, the first test is with a population expecting the capture probability to be 
high, estimated that one cheating passage in 50 will lead to enforcement (Initial 
Risk=200/10,000). During each period, two thousand acts of enforcement are carried 
out in a population of 1,000,000 vehicles.  
 
Because the assumed initial capture probability is fairly high, almost all drivers 
choose the honest strategy to begin with.  Thereby the enforcement effort is sufficient 
to capture more than 1/50 violators, and the perceived risk is adjusted upwards, 
visible in figure 4. 
 
In the second scenario, the initial expectation of a capture probability is reduced to 1 
in 500. Under this lower risk, about one per cent of the population estimate that they 
will benefit from cheating, and do so already in round 1. This amount of cheating 
turns out to be just enough to get a slightly larger number of drivers to choose to cheat 
in the next round, making the observed risk drop further. After 10 periods, ! has 
dropped to an equilibrium level of 0.01%, and close to the entire traffic flow have 
become cheaters, as seen from the grey solid line in figure 5. (Note that this is share 
of traffic and not share of population.) This is equivalent to the multiple equilibria 
suggested by Sah (1991) and others.   
 
Pushing the share of cheaters back to 1% of the traffic flow by increasing 
enforcement effort would require about 9,000 enforcement cases to be carried out per 
period, instead of the 2,000 budgeted. Any policy measure that can increase the 
initially expected capture probability is thus worth considering, as it is likely less 
costly than policing an already high level of cheating. 
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Figure 4: Perceived capture probability ρ  over time in two scenarios over 20 rounds 
(weeks). 
 

 
Figure 5: Share of the total traffic flowing through the system choosing not to pay 
under two scenarios run for 20 periods. 
 
Now introduce targeted enforcement, so that the operator actively selects the top 
debtors when enforcing. Five scenarios are defined, targeting the top 50, 25, 10, 5, 
and 1% of debtors respectively, to see how the actors respond to each of these 
strategies. These five scenarios all use the low initially assumed risk of ! =  1/500, 
which under random enforcement meant a quick trip to the high cheating equilibrium. 
 
Figures 6 and 7 repeats the graphs from 4 and 5, and extends the time line to cover 52 
rounds of simulation, representing one year of operation and shows the five scenarios 
with targeted enforcement. From figure 6 it can be seen that at first the vast majority 
of drivers jump to the cheating strategy, as they are either under the threshold, or react 
to the low capture probability, or both. It can also be seen that targeting drivers in the 
top half of the debt distribution (dashed black line) is better than a random 
enforcement; instead of 99% of traffic cheating, now only 9-18% does, with capture 
probability oscillating around one half per cent in figure 6. Although low, no scenario 
completely eliminates cheating; the 5% and 10% scenarios stabilise with cheating at 
below 1%. 
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Figure 6: Perceived capture probability ρ over time under five scenarios over 52 
rounds. 
 

 
Figure 7: Share of the total traffic flowing through the system choosing not to pay, 
under five scenarios run for 52 periods.  
 
Narrowing down the target group to the top 25% of debtors increases the perceived 
risk of being captured if targeted, and the net effect is positive on the share of traffic 
cheating, which is down to 1-4% of the traffic. Further limiting the share of traffic to 
target to 10% makes the process of reaching the low cheat equilibrium slightly 
slower, but once reached, it is lower and more stable. This is also reflected in the 
capture probability stabilising near its maximum of Monitoring Effort * Identification 
Ratio already before the 20th round. 
 
Even further narrowing of the target group is however not necessarily an 
improvement. With a 5% target group, the low cheat equilibrium is reached slower, 
and does not reach an as low level as with 10%. By targeting only the top 1% 
indebted population, the group feeling safe under the threshold becomes even bigger, 
making a large number of drivers cheat, and thereby accumulate debt, which, if left 
going on for too long, will lead to debts larger than the vehicles’ values. Second, as 
the enforcement process is now only looking for drivers in the top one percentile, and 
can only monitor 10% of the flow, it becomes increasingly likely that it will be idle, 
waiting for one of those rare highly indebted vehicles to show up. By being so 
fastidious in the selection, the capture rate is reduced.  
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Under the 5 and 10% target scenarios, cheating drops to volumes so low that the 
operator cannot use up its budgeted Enforcement Effort within the monitoring 
window (Monitoring Effort), seen in figure 9. Therefore, the scenarios with the lowest 
cheat shares are also the ones where the least enforcement is needed. This is precisely 
what Kleinman’s and Kilmer (2009) concluded regarding swift and certain 
punishments not having to be used as often. By the end of the 52 round simulation, 
the 10% scenario is down to one or two hundred enforcement cases per week.  
 
 

 
Figure 8: Number of acts of enforcement carried out each period. Only two scenarios 
break away from using all 2.000 available enforcement cases every period. 
 
 
It is clear that targeted enforcement has the potential of gradually swinging a 
population from a high cheating to a low cheating equilibrium without an increase in 
total effort. The scenarios presented show how a small number of combinations of 
initial probability (1/50 and 1/500) and target percentiles (1, 5, 10, 25, and 50) 
interacts with a fixed enforcement effort (2,000). From these results it can be 
concluded that top 10th percentile (Φ=0.1) is a rough estimate of an optimal selection 
strategy, given the other parameter values. With Φ fixed at 0.1, a border between 
high, intermediate and low-cheat equilibria can be simulated, similar to the cheat/no-
cheat border in figure 2. This is shown in panel B of figure 9, where each shaded 
point shows a combination of initial risk and enforcement effort that leads to a 
cheating equilibrium. Panel A shows the same borders but with random enforcement 
(Φ=1).  
 
The relationship between the two factors is nonlinear, with a tipping point between 30 
and 100 captures per 10,000, below which the population is much more likely to 
reach the high cheating equilibrium. This again emphasises the importance of the 
initially assumed risk, while it also indicates that above some level, there is little 
additional benefit from pursuing further increases in !.  
 
The difference between the two panels indicates the inherent potential of the targeted 
enforcement strategy. For all points shaded in panel A but not in B, it is sufficient to 
use targeted enforcement, and no big push is necessary, in order to sway the 
population from high to low cheating equilibrium. The difference in enforcement 
requirement is largest at a capture probability of 30/10,000, where random 
enforcement requires 7.5 times more enforcement effort than the targeted strategy. In 
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absolute terms, this corresponds to moving a city with one million cars to the low 
cheat equilibrium carrying out 200 enforcement cases per week. Throughout most of 
the scale, targeted enforcement is at least twice as effective as random selection. At 
higher capture probabilities, 230 and above, there is instead a net cost of using the 
targeted strategy. (This is because when cheating is so low that the available capacity 
can effectively enforce the entire cheating population, limiting it to a subset 
unnecessarily creates a class of drivers who are under the threshold.) 
 
For points shaded in both panels, selective enforcement enables the use of a smaller 
sized big push to achieve the same results. Starting from the point in the lower left 
corner, with a very small perceived capture probability and close to no enforcement at 
all, a big push would require an increase by 4,500 and 10,000 enforcement cases 
respectively, to swing to the opposite equilibrium.  
  



 23 
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B 

 
Figure 9: Border between cheat, partial cheat, and no-cheat equilibria under random 
selection (panel A) and targeted selection (panel B). Enforcement Effort on Y-axis 
and perceived risk (captures per 10,000 cheating passages) on X-axis. 
 

7.  Criticism 
The concept presented here is untested in reality, and makes vast assumptions about 
what characteristics are feasible to include in a road pricing scheme. The model 
proposed is ambitious, and the potential criticism is manifold. Here are four relevant 
challenges to the concept, raised in response to early drafts, and some comment in 
defence of the proposed concept.  

Corruption	  	  
By proposing a road pricing scheme that gives enforcement officers the power to 
seize vehicles from drivers who have not paid, one should expect a risk of creating a 
lucrative informal income for corrupt officers. Law enforcement agents are not 
modelled here as having separate and competing goals from a benevolent policy 
maker. It should however be recognized that there is a risk of such corruption and the 
need is emphasised to address it in any implementation of a scheme like this. In 
response to this point, a few comments are worth making: 
 
a) A system like the one proposed here never forgets a toll violation. Therefore, 

paying a bribe to slip out of an enforcement event is different from paying to slip 
out of a normal speed enforcement event. In the latter case, one’s “account” is 
zeroed after a successful bribe, while in the context presented here, paying to get 
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out only means that the accumulated debt will be subject to collection at a later 
point instead. Therefore there should be less willingness to pay bribes in a system 
like the one presented here. 

b) The system proposed here can be effectively implemented within one authority’s 
or department’s control. In the case of wide spread corruption in other 
departments, this scheme offers the possibility to establish a no-corruption culture 
in one ring fenced part of the administration, without much negative influence 
from other agencies with cultures difficult to change in the short run. 

c) The way the process is designed, it is possible to separate duties in ways that do 
not allow for the same person to manipulate a whole chain of events. Special 
attention should be spent on separating the managing of payments from the 
decision about whether to stop a vehicle. Likewise the process of establishing 
data records and the authority to amend and delete them should be carefully 
crafted, such that enforcement officers’ performance can be monitored and 
anomalies identified. 

d) Finally, the same use of selective targeting of subgroups of criminals can be 
applied to fight corruption too. (See for example Andvig and Moene (1990) on 
multiple equilibria in corruption.) 

 

Unforeseen	  effects	  in	  the	  market	  for	  used	  cars	  
Since the debt follows the vehicle, and not the owner, this concept may lead to a 
merry-go-round of used cars being imported, used until the debt is worked up, and 
then resold to other regions.  
 
Keeping debt with the vehicle is a base requirement for the concept, as there is no 
other collateral available. This may indeed have effects in other markets, but it does 
not undermine the credibility of the threat of enforcement. Even if one is planning to 
sell off the car when the debt it carries is too large, one still runs the risk of being 
captured before that, and then one loses up to the full value of the car. Add to this the 
transaction costs of buying and selling used cars over large physical distances, and the 
impact of such trade is likely to be limited. Should this become a problem of any 
significance however, a system like the one proposed here could be configured to 
target cars with low value with a higher priority, to make them unattractive as tools 
for charge evasion. 

Unproven	  identification	  process	  
The concept relies on being able to identify vehicles without underlying access to a 
vehicle database, and by only using optical identification technologies. Such 
technologies are imprecise and can suffer from reduced performance in bad weather, 
when vehicles and their licence plates are dirty, and for all kinds of other reasons. In 
most installations of road charges, the users are equipped with radio transponders or 
RFID tags, which overcome many of those shortcomings. 
 
A mandatory use of transponders must however be ruled out from this concept, as that 
requirement too would need an enforcement mechanism capable of finding and fining 
those users who cheat by not using the transponder. This is the basis for suggesting 
the concept to begin with.  
 
Even though this paper does not go into any technical detail, it rests on the 
assumption that an optical identification process can achieve sufficient identification 
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ratio to push the share of cheaters into the low crime equilibrium. This assumption in 
turn rests on a wide range of products offered on the market for tolling equipment 
including advanced cameras with high speed shutters and good performance also in 
low light conditions, as well as laser and other scanners technologies to measure a 
passing vehicle’s height, width, and exterior shape. By combining a sufficient number 
of such devices, an optical fingerprint, uniquely separating each vehicle can be 
obtained, even if a license plate is only partially readable. Several systems of such 
type are installed around the world. According to the vendors, identification ratios up 
to 99.8% are possible (Jai, 2012). Even if one discounts such claims as sales 
promotion, the Stockholm congestion charges, where no other information than a 
photo of the license plate is used, is steadily performing at or above 95% 
identification (Hamilton, 2011). 
 

Stolen	  licence	  plates	  
The most important clue to identify a vehicle is the license plate. Even if other optical 
clues can be combined and used, cars of same make, model, and colour are difficult to 
tell apart without a license plate. The scheme presented does not require the licence 
plate to be recognised or available in any database, but it must be unique and 
consistent over time. If it is easy to get hold of a phoney licence plate, then drivers 
can switch identity of their car so frequently that each identity never accumulates 
sufficient debt to be targeted for enforcement.  
 
This is a critical threat to any road pricing system based on license plate recognition, 
and even more so to one that does not have access to an underlying database. A few 
things can be done to deal with this; 
 

a) If there is a market for counterfeit license plates, a separate enforcement effort 
directed to the production and selling of those plates can be launched prior to 
the scheme’s initiation. As long as the punishment is harder and the 
probability to get caught is larger for dealing with phony license plates than 
for cheating the road pricing scheme, the problem should be of limited impact. 
 

b) To some extent the road pricing system can be used to pinpoint probable 
license plate fakers. When the reading of a license plate matches an existing 
record, but the shape and colour of the car does not, then at least one of the 
two cars is a faker, and the one observed can be prioritised for licence plate 
enforcement action. 
 

c) Just like with corruption, the same basic method as is applied here to battle 
cheating on road pricing, can be used to address licence plate cheating. By 
selecting a sub group of vehicles and enforcing them down to a low-crime 
equilibrium, enforcement effort can then be moved to the next sub group. 

  

8. Conclusions 
 
This paper sets out to suggest a way to make enforcement of road pricing feasible in 
regions with low institutional support, including developing countries and 
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international traffic. The model proposed is based on the simple notion of not going 
after toll violators in their homes, but instead wait for them to come back. 
 
First it has been shown that the basic principle findings from criminology and 
economics of crime are applicable also on road tolling. The same enforcement effort 
and population can end up in different equilibria, depending on the initial perceived 
capture probability. Setting the population’s expectations right to begin with is thus a 
worthy policy goal for an information campaign prior to introducing any road pricing 
scheme.  
 
Second, it has been shown why there is reason to expect tolling to be less prone to 
cheating than other petty crimes, as long as the scheme analysed includes the ability 
to enforce a vehicle not only for the present charge, but also for all previous ones. 
Thereby, only long periods of non-intervention, very high discount rates, or very low 
value cars will make it profitable to cheat, even if the toll and penalty levels 
themselves are small. 
 
More specifically, it has been shown that it is possible to swing a population initially 
expecting a low capture probability into a low-cheat equilibrium without increasing 
the enforcement effort, but only by focusing the effort available strategically. A 
targeted selection of enforcement cases is up to seven times more effective than a 
random selection process. 
 
Finally, by tuning the model with somewhat realistic parameters, it has been made 
plausible that a one million car city can reach a low cheat equilibrium with a short 
term enforcement effort in the neighbourhood of 400 captured vehicles per day. Given 
the potential social benefit of getting a transport network of that size to transform 
from clogged up to free-flowing, an attractive balance of costs and benefits should not 
be beyond reach. 
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