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1 Introduction: modelling drivers

Driver models have been investigated since the 1950s, and even earlier. See, for exam-
ple, references from this time in [1]-[4]. Even then, it was well known that the complete
driving task (which is necessary for creating a solid simulation of a certain area) consists
of much more than just car following. Following the taxonomy that has been pointed
out in [5] (but not invented there), these are:

e Car Following (CF),
* Lane Changing (LC),
* Intersection Modelling (IM), and

» Routing (which is required for any microscopic simulation involving a network with
more than one possible route).

This work here will only investigate CF, as is often the case, thereby paying no heed
to Pipes’ warning [3]:

"The analysis of a line of traffic presented in this discussion is based on pos-
tulates that are considerably removed from reality.”
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Despite its "distance to reality”, CF is an important ingredient in traffic flow simulation
and has reached a fairly mature state. Nevertheless, research on CF is still ongoing,
despite considerable progress having been made since the earliest attempts mentioned
above. In more informal terms, it seems that human drivers refuse to be described by
any theory and follow their own ideas about how to drive.t

As happens in science from time to time, some researchers have believed that the
scientific research on a particular topic is complete. This is exemplified by a quote from
Richard W. Rothery in chapter 4 of the Traffic Flow Theory Monograph [6] (probably
written in 1975, the latest revision is from 1997) who stated (I have shortened his text
to improve clarity):

"(...) [Car following] is relatively simple compared to other driving tasks, [and]
has been successfully described by mathematical models, (...)”

The amazing thing about this quote and Rothery’s text is that he mentions some
difficult issues, but does not present them as a different approach. For example, he
observes that human control is never correctly described by differential equations (he
is one of the authors of one of the most well-known driver models, named by them the
L & M model in [7], see also [8]). This will be discussed in section 3.1, and the model
itself in section 3.3.

Providing a comprehensive overview of this landscape of driver models is challeng-
ing and beyond the scope of this text. However, the work in [9] is an excellent starting
point. The authors have undertaken the arduous task of attempting to create a taxon-
omy of microscopic driving models, which describes the relationships and differences
between the various model types. Their paper, with its almost 300 references, is cer-
tainly not complete; around 1,000 CF models may be described in the literature. This
is in stark contrast to Rothery’s assertion that "[it] has been successfully described by
mathematical models”: if he were be right, we would not require so many models.

1.1 Traffic simulation software

From a practical perspective, simulation software such as SUMO, VISSIM, & others
[10], [11] do an amazing job of tackling real transport systems. Many features occa-
sionally appear in theoretical work as new developments, although they are already
implemented in existing tools, simply because they are needed to simulate entire trans-
port systems, not just for CF research. The much less glamorous (compared to CF)
LC, IM, and routing models are actually needed to simulate real traffic and simply work.

Some examples include emergency braking, road gradients [12], overtaking [13],
crash-free driving [14] and, one of my favorites, driver heterogeneity [15]. The latter
is well-known to be an important reference for getting the fundamental diagrams right,
see also [16] in the SUMO context.

2 Looking into data: an empirical prompt

When it comes to CF, arguably one of the most important representations is that of
the CF phase space, as illustrated in Figure 1. This consists of the speed-difference,

Whenever | thought | had made progress and was rewarded with a good match between the simulated and real
behaviours, | was back to square one when | switched to a different representation because this other feature
does not look realistic.
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Av = V — v between the leader’s speed, V, and the follower’s speed, v, on the x-
axis, and the net distance, g (or headway), between them on the y-axis. By definition,
it is a phase-space, since the speed difference is the time derivative of the distance
g, l.e. dg/dt = ¢ = Av. All CF data | have seen so far display a similar distribution
p(Av, g) in this phase space (see Figure 1). All trajectories display some kind of noisy
oscillation, which reminded a former colleague of mine of a broken controler [17]. Note,
that the data used are from a 2012 German project named simTD (see [18] for more
information about this dataset), but other data | have seen display similar patterns.
While the displayed trajectory (orange) is from one car, the distribution behind it (gray
colors) is from many cars. However, it is clear that even a single trajectory spans a
considerable part of the underlying distribution (especially in terms of Av), suggesting
that a single driver already has a fairly wide distribution in Av and g. The distribution,
but not the trajectories, can even be measured from single car loop detector data.
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Figure 1. The grey-shaded areas show the distribution of points p(Av, g) in the CF phase space, and
the orange line represents a CF trajectory over 162 seconds, with at least one change in lead
vehicle. Additionally, the gap distribution is indicated on the left and the Av distribution is
indicated at the top.

Another empirical fact is what might be termed the "microscopic fundamental dia-
gram”, i.e. a plot of g versus v or vice versa. This is shown in Figure 2, again as a
density plot. By cutting along lines of constant speed v = v,, or constant g = g,, re-
spectively, one can sample one-dimensional distributions p,_,,(g) and py_, (v) where
the mode can be extracted by e.g. a kernel density estimate. This yields either the pre-
ferred distance as a function of speed (the red points and the fitted red line in Figure 2),
or the preferred speed as a function of gap (the green points and the green line). The
two lines are not a fit to all points to clarify the effects: for small g, we get g(v) = g, + vt
where g, = 3+ 0.3, 7 = 0.95 = 0.03, while the green points could also represent a
constant speed. Together, these two function constitute what is usually known as the
optimal velocity function, if such a thing exists.

The interesting point here is that all the distributions displayed so far are fairly wide.
Therefore, one may question the idea that there is such a thing as an optimal velocity
function that can be translated into a macroscopic curve for the macroscopic funda-
mental diagram [19], where speed is drawn as a function of the average inverse gross
headway, i.e. the density k. Here, k = 1/(g + ¢), where ¢ is the average length of the
vehicles under consideration.



Wagner | SUMO Conf Proc 7 (2026)

150

probs
= 100 99%
= 95%
© B so%

B 0%

50

0 10 20 30 40
v (M/s)

Figure 2. The distribution (v, g) points, together with points that are drawn at the preferred gap (red) of
preferred speed (green). See text for more details.

A more detailed analysis can be obtained by examining the acceleration. This is
shown in Figures 3 and 4, respectively. The analysis there demonstrates that the ac-
celeration is close to the case where a = 0 is linear, but there are non-linear effects to
be seen in these plots, unfortunately in areas where also the smoothing function’s error
is large. In all the plots, the smoothing function is a GAM (generalized additive model)
which is the default in the tool "R” (see [20] and [21]). Note, however, that the analyses
presented in these figures are highly aggregated, so they may miss some details.
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Figure 3. Acceleration as a function of g (left) and Av (right). In the left-hand plot, positive values of
Av are shown in green, neutral ones |Av| < 1m/s in blue, and negative ones in red. The
speeds are picked from v € [22,28]m/s. For the right plot, the data have also been filtered so
g € [20,40] m which is around the zero-crossing of a(g) in the left plot.

Figure 4 shows the acceleration function in more detail. Data were collected in bins
in the (Av, g,v)-space, and averaged to obtain the acceleration in the corresponding
bin. Typically, and particularly for smaller acceleration values, the standard deviation of
the acceleration in a bin is larger than the mean value itself. Only bins containing more
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than 100 data points are shown here. As can be seen, the acceleration is on average
zero near the Av = 0 line.
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Figure 4. The acceleration function, a(Av, g), is shown for different speeds of following vehicle. Four
speed intervals have been selected, with increments of 10m/s, as indicated in the subplot
headers.

2.1 A preliminary model consideration

Since the data displays these oscillatory motions, it is important to note that they are not
oscillations in the sense of a physics textbook. A real oscillator would avoid the area
of the fixed point where the empirical distribution is located, resulting in a completely
different ring-shaped distribution. However, it is also important to note that these oscil-
lations are not entirely unexpected. Firstly, there is region in which human drivers feel
comfortable following a lead vehicle at a small speed difference, and at an acceptable
distance. It should be noted that small Av are impossible for a human driver to resolve,
therefore leading to some ambiguity (see also section 3.1). The same applies to the
distance: if it is in an acceptable range, humans are averse to changing it. Most CF
models have abstracted this to the notion of a stationary point g* = v* 7, and a few of
them have the more general definition of a regime of stationary points [g}, g¥] where
a = 0 and Av = 0. The value of 7 is the driver’s preferred time headway and is one of
the most important parameters in SUMO'’s driver models for determining the capacity of
a road. These stationary points are solutions to the acceleration function A(g,v; V) =0
on the r.h.s. of the CF differential equation:

a=0=A(g,vV, ). (1)

Here a = v is the vehicle’s acceleration. This function can be expanded into a Taylor
series in the vicinity of the stationary point. Upon keeping only the first order, another
well-known model is obtained: the Helly model [4].

a=—Av+—<§—v). (2)

In this equation, the various constants are the derivatives of the acceleration function
at the critical point. For example, 1/T; = 0A/dAV|g—yr av=0 @Nd 1/T, = 0A/3g|g=vr,Av=0-
These constants are written in this form since they now have a neat descriptive inter-
pretation: T; is the relaxation time for the speed difference, and T, is the relaxation time
for the difference between the stationary speed v* = g*/7 and the actual speed.
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This model is a fundamental component of older driver assistance systems, and it is
implemented in SUMO as the ACC and CACC driver model [22], [23].

This equation can be expressed in the form of a driven harmonic oscillator (with noise,
as discussed in section 3.2), as found in physics textbooks:

. 1 1 1 . 1
AL = — <T1 + E) Av — Eg +V(t)+ T2V(t), 3)

g = Av. (4)

The change to this form also changes the coefficients. Although it is not immediately
obvious, setting Av = 0 and Av = 0 still gives the correct stationary point g* = V1 = v*r,
since v* = V. Depending on the figures for the three time constants, such a model
can display damped oscillations and even resonance, provided that the driving force is
oscillatory. To my knowledge, this has never been used in CF research. The driving
force is the combination of the leader’s speed and acceleration F(t) = V(t) + V(t)/T.

Two things should be noted here. Firstly, in the text above, the word "model” is high-
lighted for a reason: in my view, it is unclear whether the concept of a stationary point is
applicable in reality. The Wiedemann model [24] has the idea of a no-action zone near
Av = 0 (where a remains constant from when the driver enters the no-action zone), and
one might question whether drivers spend a significant amount of time with a = 0. How-
ever, the acceleration distribution is strongly peaked at a = 0, lending some credibility
to the fixed point idea. The construction in section 3.1 gives an example of a model that
does not require an actual fixed point or a line of fixed points.

Secondly, SUMO'’s default model (affectionately named the SK model from its creator,
Stefan Krauf3) cannot reproduce this distribution without additional adjustments. To
achieve the correct width of the phase space distributions p(Av, g), one requires either
a fleet of vehicles or the driver state device (DSD) [25], or one of the other models in
SUMQO's driver model zoo to get the correct width of the distributions. See Figure 5
for a comparison of the default model, the default model with the driver device and the
empirical data from Figure 1 (the 95% line).

It is still an open question, whether the width of the distributions really requires dis-
tributed parameters, or whether it can already be produced by a carefully chosen model.
For example, it could be argued that the time headway of each driver, denoted by 7, is
not fixed, but rather follows a stochastic equation. This would result in a wide range of
time headway values, and subsequently, headway values (see [26]). However, while
this is a reasonable model, it introduces two additional parameters and a further mech-
anism that are difficult or even impossible to access empirically.

3 Challenges of driver models (a subjective selection)
3.1 Intermittent control

Human control is never continuous in either time or state (e.g. speed control). This will
be demonstrated by having a closer look at the model in eq. (3). This time, we will
assume a lead vehicle travelling with constant speed V:

. 1 1 1 1
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Figure 5. A comparison of the phase space distribution of SUMQ'’s default model (left), with the same
model equipped with SUMQ'’s driver state device (right). The 95% line from the empirical data
in Figure 1 is overlaid in orange.

Formulating it as a differential equation (ODE) assumes that humans control accel-
eration at any given millisecond (i.e. continuous control!), even for very small changes
in Av. Clearly, these assumptions are unrealistic, and can only be justified by testing
to ensure they do not produce unacceptable results?. In fact, the assumptions behind
Helly’'s model are very reasonable and are in line with a simple driver model, in which
human controllers simply balance the two deviations from their preferred state. Adding
an intermittent control mechanism (it is often named action points, AP), as stated by [27]
and acknowledged by Rothery [6], changes the behaviour of the model considerably.
At first glance, this looks similar to SUMO’s DSD, but it is quite different. It also differs
from the psycho-physical models that began with [27] and continued in the modelling
behind VISSIM, which was introduced by Wiedemann [24]. See also [28] for a modern
approach to intermittent control and [29] for similarities with human balancing.

These psycho-physical models, as they are known, define thresholds in phase space
where the driver’s behaviour changes, for example from approaching to following. We
believe that these thresholds are far too static. Therefore, we assume that the drivers
monitor speed difference, distance, speed, and maybe, acceleration, and only act if
they recognize significant changes in these variables as a reason to do so. This can be
incorporated into an intermittent control model (hamed Helly-AP) as follows:

Av(t + At) = Av(t) + At a(t) (6)
a;, if |Av(t—t;)— Av(t)] < 6,
a(t) = and |g(t—t;)—g(®)| <6, (7)
— (Til + Tiz) Av — ég + Tizv(t), else

Here, the variable ¢; represents the last time acceleration changed, and a; represents
the acceleration computed at that time. The driver retains her or his last acceleration
until something changes — in this case, until a considerable change in Av or in g occurs.

20ne may note that even ADAS controllers cannot achieve this; they have cycle times, hopefully in the millisecond
range or below, and their measurement of Av etc. are noisy. This at least prevents them from responding to
arbitrary small changes in Av since then they would follow the noise.
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This model is compared in Figure 6 to a standard Helly model with the same parameters
and the same initial condition. Note, that both threshold conditions (for Av and g) are
needed: if the driver controls only Av, the intermittent dynamics may lead to crashes
or ever increasing distances, since control in Av finally reaches a corridor where the
vehicle bounces between the thresholds Av = +6;, but distance does not settle.

30
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Figure 6. Two simulated trajectories are shown: one following the traditional Helly model (orange), and
one following the Helly-AP variant with intermittent control (blue).

As can be seen from Figure 6, the intermittent model does not settle into a fixed
point. Although the two trajectories originally look similar, they exhibit very different be-
haviour. The width of the Helly-AP oscillatory behaviour is controlled by the two thresh-
olds, and can be made smaller or larger, but it does not vanish. Note, that the models
in both cases are deterministic. However, the behaviour of the Helly-AP model bears
some hallmarks of deterministic chaos, since a small deviation in the initial conditions
develops into a large deviation after a few APs have been performed by the model®.
Clearly, both approaches bear little resemblance to the observed phase space density,
but this can be addressed by implementing other features, and/or adding mild stochas-
ticity. Assuming fixed thresholds does not reflect how human drivers act. Therefore,
the thresholds may change after each activation, and they depend on the driver’s state.

Intermittent control is more complicated to model than continuous control, which may
explain why it has not found many applications in reality or in theory. The same argu-
ment applies as for a model with fluctuating 7: another mechanism is added, which in
this case requires two additional parameters that are difficult to measure empirically.
Another reason for the neglect of this approach was stated by Rothery:

"Inertia, on the other hand, both in the operator and the machine, creates an
appearance of smoothness and continuity to the control element.”

As one might add, measurement noise can also mask action points, but they can be
uncovered from the data [30], at least when the acceleration jump is large enough to
stand out from the measurement noise.

Note that, although this approach is similar to SUMQO’s DSD, it is different. The DSD
initiates an update to the acceleration if the difference between the perceived (Av, §) and

3As an aside, one might note the similarity to what in physics is named a billiard.
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the real (Av, g) is larger than a certain threshold. In addition, the thresholds depend on
distance, which is of course a reasonable assumption.

An interesting observation based on simulations with this model is that, while the nor-
mal Helly model is string unstable over a wide range of parameters — a problem that also
effects driver assistant models (see [31]) — the Helly-AP model in no longer string un-
stable. However, instability is another thorny issue: not all congested situations where
string instability may play a role result in a traffic jam, so there is no clear connection
between string instability and traffic jams. Additionally, a simple addition to the Helly
model or the model in eq. (8) may alter the stability slightly, in the form of a cap on
acceleration. The Helly model, as stated in eq. (2) has no acceleration bound, which
does not change the start of the oscillation, but it may reduce its effect.

In summary, a model with intermittent control requires more detailed modelling, mak-
ing it a more complicated model. It adds two more parameters to the three parameters
of Helly’'s model: the two thresholds 6, and 6,. Additionally, the update mechanism
must remember the variables q;, Av;, and g;, i.e. the values at which the last action
occurred. Furthermore, it is not immediately clear how to describe stability, which is
easily achieved in continuous control (see [32]). Further research in this area is clearly
needed, and we believe it will be a worthwhile endeavour.

3.2 Modelling stochasticity

Car following models, especially from physicists, often describe stochasticity by adding
white noise to the acceleration. While this approach has been used successfully to
describe random walks, it is inadequate when applied to vehicles: these are heavy
objects, so their stochasticity cannot be modelled by assuming changes in the accel-
eration within milliseconds. Therefore, in my view, models that do so should not to be
taken too seriously, although they can still be useful. SUMO’s default model being the
prime example of this. This could be remedied by either adding coloured noise which
is a smoothed variant that avoids such large jumps, or by using the intermittent control
mentioned above. Noise can enter at three points: in the perception of the distances,
speed differences, and speeds (see the DSD again), in the intermittent control thresh-
olds, or at the point where the new acceleration is computed. In this case, there is no
problem with too large jumps in acceleration caused by white noise, the driver simply
applies a new acceleration which may introduce an additional actuation error with any
distribution, provided it is bounded.

This can be applied to the Helly-AP model. Unfortunately, this does not simplify mod-
elling, since at least one additional step is needed, with another parameter: the accel-
eration noise. Even this particular model, which started out so simply, has become a
fairly complicated construct, and one might feel, that some of the parameters are re-
dundant. Addressing this is an interesting avenue for future research. Nevertheless, a
quick simulation of a platoon of those Helly-AP cars with stochastic thresholds and in
the acceleration noise shows some promising results, as can be seen in Figure 7.

3.3 Reaction times

Humans have reaction times r reaching from r = 0.2 s for world-class 100 metre runners
in the starting blocks to several seconds when a conscious decision has to be made.
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Figure 7. This is a simulation of a platoon of 21 vehicles of the stochastic Helly-AP model. On the left:
While the model displays little variation in g, the variation in Av seems close to the empirical
results (orange line from Figure 5). The plot on the right shows the acceleration distribution
for the deterministic model (green), the probabilistic model (blue, thick), and the acceleration
in the probabilistic model at the action-points (orange).

Clearly, humans also have foresight, which is used to counteract the effect of reaction
times. A prime example of this is when we catch a ball, a process whereby the compute
machinery in our brain simply takes care of all the delays in the actuator loops in our
body. The same holds for CF, which is why | have never been a fan of delay differential
equations (DDE) in CF*. Of course, there is the notorious L & M model:

N 8
S e T ©)
which includes reaction time and was one of the first models to propose a mechanism
for traffic instabilities. These instabilities stem from the finite human reaction times,
and/or the string instability in a platoon of drivers if the model and the parameters are
chosen unwisely. However, we now know that reaction times are not necessary to
produce unstable platoons, see [32] for an excellent overview on this topic (and other
topics as well). Despite its popularity, the model eq. (8) is not a good model: for small g,
the acceleration explodes. If there were no reaction time, this model would be crash-
free. However, for small g, the acceleration changes from a large negative value to
a large positive value with very small changes of Av. Additionally, the acceleration
is unbounded. In fact, this is necessary for the oscillations to be unbounded for very
large r: if the acceleration is limited, the oscillation amplitude no longer increases over
time but remains limited. Finally, the model has a line of fixed points for Av = 0, without
any preferred distance. This is in contrast to the empirical data, and should therefore
be an important ingredient of any reasonable CF model. See also Figure 3 for an idea
about the relationships displayed by the data between a and g and a and Av, to be
compared with the ones assumed by the L & M model®.

Coming back to the reaction times, | have observed instances in data where reaction
times are negative. This occurs when a driver approaches a traffic signal and begins
braking before the lead vehicle, creating the appearance of a negative reaction time.
See, e.g., Figure 2in [33]. Clearly, this can also happen in other circumstances if drivers
see the braking lights of the next-nearest car, causing them to start braking earlier than

4During my PhD, | actually worked with DDESs, so | am familiar with them and find them a fascinating topic.

5This can be easily fixed by exchanging Av by Av + (g/t — v) in the L & M equation. However, | cannot fathom
their reasoning behind choosing v™, since acceleration should decrease with increasing speed. Consequently,
direct fits of this model to data yield a negative m. In their own work they often choose m = 0.
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the lead car. Of course, not all drivers do this, and this is precisely the challenge with
reaction times: they are strongly context-dependent. In normal CF situations, | think
they are masked by the same mechanism that allows us to catch a ball: we anticipate
what will happen and act accordingly. It only fails if drivers are not paying attention,
or if something unexpected happens such as an unanticipated lane-change or a harsh
braking manoeuvre by the vehicle in front due to a stimulus we have not seen either.

Note, that the Helly model can be interpreted differently depending on how it is written:
a = a(g+ AvT, — vt)

where the term g + AvT, can be interpreted as an anticipated future gap g(t + T,) :=
g + AvT,. To align more closely with the reaction time formulation, one could write a
model with an explicit anticipation mechanism by assuming that the driver does not use
g(t — r) but rather the anticipated value g(t —r) - g = g(t —r) + rAv(t —r):

a=<%+TLT2>Av(t—r)+%<g(t;r)—v(t—r)). 9)

However, in this form this has only a weak effect on stability, since the prefactor of Av
gets slightly bigger.

The final challenge with reaction times is that they are difficult to obtain empirically,
as they are often confused with relaxation times. | have tried this several times with-
out achieving a satisfactory result. The main idea is to calculate relaxation times using
the autocorrelation function of the acceleration or speed difference, which, on average
yields results between T, = 2... 5s5. To get a hold on reaction times, one should relate
the two speed-time series of the leader V(¢) and the follower v(t), and find the delay be-
tween them where a the mismatch Av, = |V(t)—v(t—r)| is minimal. This should be done
as a function of time as discussed above, since reaction times are most likely time and
state dependent. However, there may be better approaches, we have experimented a
bit with dynamic time warping [34], but so far without decisive results.

3.4 Calibration challenges

Considerable work has gone into calibrating CF and SUMO. Calibration is essential
when applying a simulation model to real-world problems. This can be done with good
accuracy, see, for example, Yun-Pang Fl6tterdd’'s work [35] with open data from DLR’s
research intersection [36]. However, we learned that one should be careful: in free
traffic, it does not make much sense to calibrate the preferred headway z, or the distance
at standstill, g,. Similarly, it is of no use to calibrate maximum speeds in dense traffic,
since the vehicles do not come anywhere near this maximum speed.

Another challenging situation arises when we have the wrong model, which is often
the norm rather than the exception. | worked on this topic for a while: the assumption
was, that the parameters of a linear model like Helly’'s model are not constant, but
change over time [37]. However, | learned that such an observation may also result
from not having the correct model. For example, running a simulation with SUMQO’s
default model and then using a linear approximation to this model makes the parameters
of the linear model time- or state-dependent. From this perspective it is impossible to
determine whether these parameters are genuinely time-dependent or if we simply have
the incorrect model.
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The unpublished work of my colleagues in the SUMO group points to other indirect
effects when doing calibration. This can be exemplified as follows: The model un-
der consideration is the IDM [38], which, in the absence of a leading vehicle has a
very simple acceleration function which can be described by just three parameters, the
maximum speed (traditionally named v, in IDM), the maximum acceleration a, and the
exponent §. Typically, for this parameter the value § = 4 is used. In this special case,
the model can be simplified further by using scaled variables @ = a/a, and o = v/v,,
this leads to v, = 1:

a=1-10° (10)

1.2

Vo=1, 5=21.76

0.9

Vo =1.33, 6= 4
\fc‘? 0.6
©
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Figure 8. A synthetic dataset constructed with a different acceleration function than the one of the IDM,
in this case a(v) = tanh(—15(v — 1)) was used with some noise added. When fitting IDM’s v,
by keeping & = 4 fixed, the fit fails (red line), consistent with what has been observed with real
data. Allowing the fitting of both v, and & (green line) results in a good fit, albeit with a very
large é.

An interesting observation was that in order to fit this to real data, the maximum speed
was completely wrong; it was much larger than what had actually been observed in
the dataset used for the calibration. After some experimentation, the reason for this
mismatch became apparent, see Figure 8 for a visualization. Real data may not follow
eg. (10), they display a relatively sharp cut-off near the maximum speed. However, with
the choice § = 4, the decline in a is much smoother than in the data. As long as one
kept & fixed during calibration, the optimizer had no choice but to increase v, beyond
what was observed in the data. Therefore, calibrating both § and v, fixed the issue, but
increased § to the fairly large value of roughly 20.

While the mechanisms leading to calibration failure are transparent in the cases men-
tioned here, this may be overlooked in other cases. Furthermore, part of the perceived
failure stems from the fact that one has a mental picture, especially of the parameter v,
which is at odds with the initial calibration result and the data. If we obtained a result
for the parameters (¢, m) in the L & M model, no one would be surprised, because we
have no intuition about those parameters except that the exponent of g is greater than
zero. Even the poor fit to the IDM might be acceptable until it is used to extrapolate
to scenarios, where higher speeds are needed than the ones in the calibration. Apart
from the usual advice to be careful and to look at one’s results from as many different
angles as possible, | do not have a final solution to these kind of challenges.
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4 Final remarks

In my view, the challenges mentioned in section 3 constitute an interesting research
program. | would like to add two more that need to be addressed, particularly for inclu-
sion into practical work:

* In my view, the most exciting aspect of driver modelling is enabling the models to
realistically simulate crashes.

* Modelling bicycle drivers [39].

We have already discussed some areas where simulation models could be improved
or applied to real-world problems. We recently started this endeavour by adding a
blackout mechanism to SUMO (which is still only in Python, not in the main repository).
This can cover at least the general weekly trends in crash numbers, since these are
strongly correlated with the traffic flow. We are currently working on the finer details,
such as the distribution of different crash types that may depend on the state of traffic:
for example, there are many more single-vehicle accidents at night or during periods
of low traffic than during busy times. For more information, please refer to Ronald
Nippold’s work in this volume.

Finally, there is the modelling of cyclists. In SUMO, this uses the default model of
SUMO with a re-parameterisation. This is not completely wrong, but clearly does not
take the specific characteristics of cyclists into account. For starters, real cyclists do not
adhere to such a strict no-crash approach as in the default CF model. This is because
they believe that they can swerve around the lead cyclist easily in case something un-
expected happens. Also, in terms of capacity, cyclists do not ride single file, even on
one-lane cycle paths, which could increase the actual capacity beyond the expected
level. This could be remedied using SUMO'’s in-house tools, for instance by either us-
ing the sublane model on bicycle paths with at least two sublanes or giving each bicycle
path two lanes by default. However, this may overestimate capacity, since drivers may
be reluctant to overtake another cyclist by using part of the pedestrian sidewalks. Un-
fortunately, we do not have much data on this.
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