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This study addresses the problem of calibration of the Gipps micro-
scopic traffic flow model. The approach consists of first deriving traffic
stream models, in the form of steady-state solutions of car-following
models, and then fitting such models to stationary traffic data. To this
end, traffic stream models for the Gipps model were first attained, and
an explicit formula for the flow at capacity as a function of microscopic
parameters is provided. Analysis of the models for different combinations
of microscopic parameters explains the widely held belief that the Gipps
model is unable to reproduce unstable traffic phenomena. To be suitable
for model parameter calibration in simulation practice, single-class
models were generalized to a multiclass traffic scenario for which a cal-
ibration procedure was developed. Once applied to real motorway traffic
data, the multiclass scenario proved its effectiveness in terms of error
statistics. Values of calibrated parameters were all significant and consis-
tent with expectations. Moreover, they were consistent with the observed
aggregate measures (e.g., flow at capacity). Finally, unlike nonstationary,
model-based approaches, the computing time required by the muiticlass
calibration presented is negligible, allowing calibration of a large number
of parameters, that is, calibration of different classes of vehicles.

Since the seminal work of Gipps in 1981 (7) the car-following model
proposed therein has been one of the most widely studied and applied
for the microscopic simulation of traffic. In revised forms it is the basis
for the simulation of traffic dynamics in several microsimulation
programs (2-5).

The attractiveness of the model relies on the intuitive assumption
behind the formulation and on the obvious physical meaning of
parameters, which suggests using common practice values “without
resorting to elaborate calibration procedures” (1). This last belief
seems to be illusory.

Indeed, traffic dynamics result from a number of complex and
partially stochastic human-machine interactions. As a consequence,
microscopic traffic flow models as well are necessarily only coarse
representations of actual driving behaviors. Therefore, even when they
have a clear physical meaning, parameters are substantially tools for
fine-tuning (approximated) models, to better reproduce the real
world. Then the values of parameters that make the model perform at
its best do not necessarily coincide with the values of corresponding
variables that can be directly observed in the real world. It has been
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argued (6) that this aspect holds for all models developed following
an approach that is halfway between a purely deductive and another
purely inductive approach, “whereby one first develops (via physical
reasoning and/or adequate idealizations and/or physical analogies) a
basic mathematical modeling structure and then one fits this specific
structure (its parameters) to real data” (6). All traffic flow models
seem to be of this type.

This limitation has recently been confirmed by studies attempting
to calibrate microscopic traffic flow models against real, detailed
traffic data (7, &). Such studies have highlighted the limits of these
models on the one hand and the need for model calibration on the
other. This need cannot be disregarded since microscopic flow models
are the basis of traffic microsimulation software.

Actually, microscopic traffic flow models would require, for proper
calibration, detailed vehicle trajectory data for a great number of
vehicles. Unfortunately, such data are rarely available [Punzo et al.
(9) provide areview of available data collection techniques]. Hence
the use in calibration of widely available aggregate traffic data, such
as counts or speeds at detectors, has been proposed (/0). This use
can be addressed in two ways, each with its own limitations.

The first way involves the direct use of microsimulation soft-
ware. The software has to be interfaced with an optimization algo-
rithm that, through successive simulations, can find the values of
parameters that minimize the distance between observed and simu-
lated data. The main difficulty is that this process becomes compu-
tationally infeasible with more than a few parameters, even in small
networks [see work by Ciuffo et al. (1) for an investigation of the
problem and related references]. The absence of suitable automatic
tools for calibration in commercial simulation software is the main
evidence for this problem.

The second way consists in first deriving traffic stream models
corresponding to microscopic traffic flow models and then in fitting
such models to stationary traffic data (12). The main advantage of this
second approach is that it allows one to easily calibrate a large number
of parameters as well. The main drawback is that it is suitable only for
uninterrupted flows. Using these parameters to simulate interrupted
flows is likely to provide nonoptimal results.

For the foregoing reasons, despite the restriction to uninterrupted
flows, the second approach is the only one that can be used if a large
number of microscopic parameters has to be calibrated, for example,
if one wants to calibrate parameters of different types of vehicles in
amulticlass simulation (which is a common practice).

Hence the second approach to calibration was developed for the
widely used Gipps microscopic traffic flow model. To this end, after
areview of the Gipps model, the driving behavior at equilibrium
of a pair of drivers is investigated. This investigation leads to the
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definition of an equilibrium distance-speed function and the related
macroscopic models for single-class stationary traffic flows. Then an
extension to a multiclass traffic scenario is proposed, which allows the
development of a calibration procedure, really suitable for practical
implementations, that has been applied to empirical data.

REVIEW OF GIPPS MODEL

The Gipps model (I) uses two different transfer functions for
reproducing free-flow and car-following conditions.

In the free-flow regime, speed planned for the following instant
(i.e., after a time lag 7) is obtained from an inequality of experimental
origin that combines two conditions: () that the speed never exceed
the driver’s desired speed and (b) that acceleration decrease with
increasing speed until it becomes null when the desired speed has
been reached.

However, the basic idea behind the proper car-following model is
that each driver plans his or her speed for time (t + ) such that he or
she can safely stop even in the event that the leading vehicle suddenly
brakes. Indeed, the model assumes that the leader starts braking at
time r at a hypothetical constant deceleration rate b, and the follower
starts braking at time (¢ + 7) with his or her maximum desired deceler-
ation rate b. The desired value of the follower’s speed for time (¢ + T)
can be obtained by ensuring that the position of the follower after
vehicle stoppage does not exceed the position of the leader minus a
distance greater than the physical length of the leader’s vehicle.

The switch between the two driving regimes is not explicitly dealt
with, and it is driven by a simple rule: at time (¢ + ) the following
vehicle, n, adopts a speed that is the minimum between the values
given by the two above-mentioned models:

v, (t+1t)=min{v,, (t+71),v,, (r+7)}

with

v, (1+17)= v,,(t)+2.5a”‘t(1—l}‘;£—:‘)j,,0.025+:}‘—$‘) "
Vo (t + T) = F(h” (t)’ Yy (t)’ Vi (t))

and

F(h (1), (1), (1)) = b, - G . e)

+ \/bj (—;—+ e]z +b, .[2 Ak, (£)-S,) -1+, (1)+ vé(r)z}

where

Vault + 1), v,,(t + 1) = values of follower’s speed at time (7 + T)
in case of, respectively, free-flow and
car-following conditions;

vu(0), vaui(f) = respectively, follower’s and leader’s speed
at time £,
x,(8), x,_,() = respectively, follower’s and leader’s posi-
tion at time #;
h () = x,.,(t) — x,(#) = space headway between
two vehicles at time #;
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a, = follower’s maximum desired acceleration
rate;
ymay = follower’s desired speed;

T = “apparent reaction time, a constant for all
vehicles” (/);

0 = additional “comfort” time lag that allows
follower not to brake always at his or her
maximum desired rate;

S, = length of vehicle n plus safety margin;

b, = “most severe braking that driver of vehicle n
(i.e., the follower) wishes to undertake” (/);
and

[A?,H = follower’s estimate of leader’s maximum
braking rate.

Throughout the paper all deceleration rates, b, must be intended as
absolute values; that is, b= |b!.

The most natural way to attain a closed mathematical formulation
that could predict vehicle positions and speeds for all times is to
supplement Equations 1 with

dx, ( r) B
— = (r) (2a)

The system of differential difference equations (1 and 2a) is not
easy to solve. However, Gipps observes that it can be numerically
solved in an effective manner by using an integration step equal
to the reaction time 7. Then he supplements Equations 1 with the
discretization of Equation 2a by a trapezoidal integration scheme:

x”(r+1:)=x”(t)+%(v"(r)+v”(t+‘c)) (2b)

In this way the values of speed and position at time (¢ + T) depend
only on values at time ¢ and not at the intermediate times. Considering
a proper car-following regime [i.e., v,(t+ T) = v, (t + T)], Equations 1
and 2b rewritten in a discrete time form lead to the system of two
coupled maps that are easy to cope with:

ke _ ok Lk
v _F(hn’vn’vnfl)

"

3

n? T Ta-l

X :x'+£-vk+£-F(hk ViV )
2 2

Wilson (13) recasts this system that describes the joint evolution
of positions and speeds as a system that describes the joint evolution
of space headways and speeds:

vt = F(/lk v v,‘H)

n n n?

= nt +—(vk —vﬁ)+%|:F(h,ffl,v:_,,1*:72)—F(Ilk vi vt ):|

n? nd Vn-l

C))

This position allows one to find equilibrium solutions in the form
of steady-state solutions of the system of Equations 4 (since in Equa-
tions 3 the space is always increasing). In general, a state x, of a
dynamic system is an equilibrium state when the system evolution is
confined in x, (for a constant input). In a car-following system there
is equilibrium when the following vehicle observes a stationary space
headway from the leader, provided the latter maintains a constant
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speed, that is, when there are stationary headways and speeds. There-
fore, equilibrium points of the system represented by Equations 4,
for a constant input (i.e., for a constant speed, v*, of vehicle n — 1),
are the steady-state solutions of Equations 4:

virt=y R =h Yk

The steady-state solution for the follower’s speed is the constant input
v*, since from Equations 4 any speed differential between vehicles at
time k implies a change of the headway at time k + 1. Then

vV, =V *

Since v, and h, are solutions of Equations 4, the first gives

v, = F(he,vf,ve)

Making terms in the last expression explicit, Wilson (13) isolates
the square root and squares to obtain

2 2 )
[Vﬁbn(l’reﬂ =bj[l+ej +b, 2(he—S)—tv,+Tv‘—— 5)
2 2 b,

from which he derives a monotone increasing speed—distance function
for the general case of b, # b,

1 1
T+0 2('—S){b__!;_) i
14

n n—1

v, (k) =mid| 0,| ————[«|-1+4/1+ > ;

(6a)

In the case of b, = i),,_l he obtains from Equation 5 the following
linear expression:

v, = IIlldl:O B3 vm} (6b)
T+0

Wilson notes that, for a total time lag of 1 s [the value used by Gipps

(1) for the model validation, i.e., T = 2/3 and 6 = /2], the linear

model from Equation 6b corresponds to a 1-s car-following law.

GIPPS STEADY-STATE BEHAVIOR

In this section, the equilibrium distance—speed function, the dual of
Equation 6 found by Wilson, is first derived.

This result allows steady-state solutions to be found for the Gipps
car-following model in terms of all the traffic stream characteristics,
that is, traffic stream models corresponding to the Gipps microscopic
model. These solutions are presented in the subsection on single-class
traffic stream models, where an explicit formula for road capacity
as a function of microscopic parameters is also reported.

Finally, traffic stream models are generalized to multilane, multi-
class stationary traffic flows. It will be shown that this step cannot
be disregarded if traffic stream models are to be used for calibrat-
ing microscopic model parameters. Currently almost all practical
applications of microsimulation models deal with mixed flows.
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Equilibrium Distance-Speed Function

From Equation 5, a distance—speed function can be easily obtained
as a function, @, of the equilibrium speed, v., of the vector of
parameters, 3:
h=®(v,B) with B=(1.6b,b,,5)

Actually by isolating 4, in Equation 5 and simplifying and rearranging
terms, the following is obtained (see also Figure 1a and e):

>

2
hethiPps =S+v£(T+e)+v7z(bi‘—Lj sz<Vnm @)
n n—1

This law characterizes the space headway between vehicles at
equilibrium, that is, when vehicles proceed at the same stationary
speed. It is strict increasing in [0, V™= [. Instead, for v, = V™= itisa
multivalued function since, independent of how large the open space
between vehicles is, the speed given by Equations 1 is limited by V™
(see Figure 1a and e). That is, when v, = V™=, all the positive values
of the headway are admissible. A useful physical interpretation to
Equation 7 can be made: given a speed, at equilibrium, the follower
observes a spacing from the rear of the leading vehicle equal to the dis-
tance he or she travels during his or her reaction time [i.e., v, (T+90)]
plus the difference in meters between his or her stopping distance and
that he or she estimates for the leader (i.e., the last term in Equation 7).

This second aliquot of space is the one that really characterizes the
model’s behavior. Indeed, when the follower estimates that the leader
has the same deceleration rate as his or her own (i.e., b, = b 1) and the
last term of Equation 7 disappears, the follower starts braking exactly
when the front of his or her vehicle reaches the point where the rear
of the leader vehicle was at the moment the latter started braking.

Instead, when the follower supposes that the leader has lower
braking capabilities than his or her own (i.e., b, > b,, ) and the last
term in Equation 7 is negative, Equation 7 states that he or she will
start braking in a point downstream of the one where the leader has
started braking.

1t is no accident that the leader’s aggressive behavior, which is
perceived as risky, is critical for model stability as well. As ant1c1pated
by Gipps (1), the relative magnitude of braking rates b, and b,,_. is the
cornerstone for model stability. Indeed, Wilson (/3) has shown that
the condition b, < B,,‘l (i.e., the follower’s conservative behavior) is
a necessary condition for linear stability of the model.

Therefore Equation 7 permits qualitative interpretation of the
model stability behavior (and of the boundary definition between
stability and instability regions) based on the relative magnitude of
braking rates b, and b ;- In the followmg subsection it will be shown
that the relationship between b, and b,, , affects the form of the traffic
stream models derived from the Gipps car-following model.

Single-Class Traffic Stream Models

Starting from the functions in Equations 6 and 7 that describe the
relationship at equilibrium between distances and speeds of a couple
of vehicles, it is straightforward to define stationary models in terms
of flow, speed, and density for a single-class traffic flow. To derive
traffic stream models from Equations 6 and 7 stated for a couple of
vehicles, it will be assumed that all the vehicles have the same param-
eter values. Moreover, subscripts will be removed. Finally, flow,
speed, and density will be expressed, respectively, in vehicles per
hour, kilometers per hour, and vehicles per kilometer.
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FIGURE 1 Gipps stationary models: (s—d) for b < b and (e~ for b > b.
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As previously seen, the speed—distance function assumes different
forms for different values of braking rates » and b: Equation 6a if
b#b, and Equation 6b if b= b. However, even when b # b, depending
onb<borb>b, _the shape of both functions 6a and 7 varies, since
the term (1/b —1/b) changes sign.

For these reasons, traffic stream models will assume different
shapes depending on the sign of the term (1/b — —1/b). Then the most
general cases b < band b > b will be presented first, followed by the
case b=b.

Caseb <b
As stated earlier, this case entails conservative behavior on the part
of the follower; that is, the follower estimates that the leader has

higher braking capabilities than his or her own.
The speed—density model can be easily obtained by Equation 6a:

ko===— ®)

Indeed, the simple substitution of A, given by Equation 8 in Equation 6a
yields (see Figure 1b)

" (][)(]I_J_S][I |_]
T+6 k b b
D + =

j (t+6)

max
SV

9

Considering the fundamental equation of traffic flow, g = kv,
(which strictly holds for stationary traffic), the flow—density relation-
ship is easily obtained by multiplying Equation 9 by the density &,
(see Figure 1¢). Finally, substitution of Equation 7 in Equation 8 and
the ensuing expression for , in the fundamental equation results in
the flow—speed relationship (see Figure 1d):

4=k v, =25 == UL 10)

%6(”9) 1(3%6)2(%_%)

Like Equation 7, function 10 is well defined for v, belonging to
[0, Vmx[. For v = V™ it is a multivalued function. The derivative of
Equation 10 with respect to v, provides the expression for the speed
at capacity:

Vo =36 |25 an

Finally, if one substitutes Equation 11 in Equation 10 and simplifies,
the expression for the flow at capacity is obtained:

3,600
Gear = - = (12)

r+e+\/zs{—1 : EJ
b b

In Figure 15, c and d the shapes of the derived models are reported,
with values of parameters equal to T=2/3 s, 6 = 0.57 [i.e., the same
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delays used by Gipps ({)], b=2.75 m/s2, b=3.0m/s>, S =6 m, and
Vmx=110 km/h, They produce values of speed and flow at capacity
of, respectively, 71.3 km/h and 2,246 veh/h. Since these values are
not derived from the fitting of models to empirical data, the pro-
portions of the diagrams can vary appreciably in practice (compare
Figure 4).

It can be observed that the speed—density function is first stationary
and then decreases more than linearly. The flow~density function
first increases linearly with a slope equal to V™= (i.e., g=k - V™) and
then follows the trend given by the product of the first term of min-
imum in Equation 9 per k. Finally the speed—flow curve shows how
free-flow speed is maintained for a long time with flow increasing until
it sharply decreases near capacity.

Caseb >b

Case b > b entails aggressive behavior on the part of the follower;
that is, the follower estimates that the leader has lower braking
capabilities than his or her own.

The equations defining the models are the same as those in case
b < b, However, as anticipated, since the term (1/b —1/5) chan ges sign,
the shapes of the functions are completely different, as can be seen
in Figure le-h. Parameter values in the graphs are the same as those
for the previous case except for b =3.0 m/s? and b=2.75 m/s2.

The distance—speed function given by Equation 7 is no longer
convex and reaches its maximum for

T+60

VE=

S| =
S| =

[see also the work by Wilson (/3) with reference to Equations 6].

Then if V™= is chosen higher than V*, for v > V*, the spacing
between vehicles decreases with the speed increase until it becomes
null. Obviously this behavior has no correspondence in practice.
Moreover, it makes the traffic stream models unphysical. In particular,
for Vma > V*, the speed—density and the flow—density relationships
become double-valued. Besides, the values of variables in the curves
are unrealistic (e.g., a capacity of about 4,870 veh/h).

Another remark concerns the fact that in case b > b the behavior
of the steady-state flow is not always stable [for a comprehensive
discussion on Gipps car-following model stability, see the work by
Wilson (/3)]. In Figure 1 regions of linear stability and instability
of the models are represented respectively by heavy black and light
grey curves. It can be observed that instability occurs with the lowest
densities and stability with high densities. This finding is exactly the
opposite of what is observed in the real world.

Since, as has been seen for b > b, results in terms of aggregate
behavior of traffic flows are unrealistic, it can be said in all certainty
that the Gipps model should _be used only with an assumption of
conservative drivers (i.e., b < b) As amatter of fact, this assumption
forces the model behavior to be stable, which explains the widely held
belief that the Gipps model is unable to reproduce unstable phenomena
like the breakdown of traffic flows.

Caseb=h

When b=b, Equation 7 reduces to

h,=S+v,(1+6)
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Following the same steps as previously, the desired relationships
can be easily obtained:

ve:mm{Vmﬂ3ﬁ-£gpﬁ£:£} 13)
T+0
%=kgnmﬁvmxiﬁiﬂg£&1§} (14)
T+0
4=k, == —']ﬂg‘— (15)
oS+ —y (t+6)
3.6 °

Plots for the models are shown in Figure 2, in which the values
of the parameters are the same as those for the first case except for
b=b=3.0m/s

The resulting shapes of the functions are clearly simplified and
seem not very realistic. The most unrealistic result seems to be that
shown in Figure 2d, where the speed at capacity is “always” equal
to the free-flow speed, V™ (i.e., independently by values of model
parameters and by the value of V™),

Multiclass Traffic Stream Models

Traffic stream models derived in the previous section from the Gipps
car-following model have an undoubtedly positive outcome: they
analytically relate the model’s microscopic parameters to traffic
stream characteristics (i.e., to flow, speed, and density), whereas
otherwise such a relationship is implicit. In other words, it can be
reconstructed numerically only after a number of simulations. For
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FIGURE 2 Gipps stationary models for b = b.
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example, given a specific set of parameters, one can derive the cor-
responding value for the capacity of a road by performing a number
of simulations with an excessive demand.

Then one can imagine that the relationships derived allow param-
eters of microscopic traffic flow models to be calibrated without
time-consuming optimization procedures involving numerical sim-
ulations of the model itself [see, e.g., the work by Ciuffo et al. (11)].
Indeed, in this context model calibration is reduced to the fitting of
steady-state models to traffic stream data. The main advantage is that
calibrated parameters (i.e., parameters of the fitted models) will be
consistent with characteristics such as road capacity. This is the basic
idea behind the next section, on microscopic parameter calibration.

One key feature of microscopic traffic modeling is the high level
of detail of simulated scenarios, including the ability to simulate
different types of vehicles. This feature is fundamental, since it is
absolutely necessary to perform multiclass simulations (i.e., to con-
sider at least a light vehicle type and a heavy-vehicle type) to correctly
reproduce the dynamics of a mixed flow. Therefore, to be suitable
for real applications, or to be suitable for calibrating models used by
practitioners, previous steady-state relationships must be generalized
to multiclass traffic flows.

It is straightforward to derive such models from Equation 7, which
describes the space headway between vehicles in stationary conditions.
Indeed, assuming that vehicles from different classes observe dif-
ferent headways, a number of Equations 7 ought to be combined into
a single model.

Another useful consideration is that, by the definition of equi-
librium, all the vehicles that share a lane travel at the same speed
despite their class. Then the traffic scenario shown in Figure 3 is
obtained, which deals with double-lane, double-class traffic. All
the following derivations refer to this scenario, the extension to
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FIGURE 3 Vehicle trajectaries for two-lane, two-class
stationary traffic scenario: (8) in time—space diagram
and (b) aerial photograph at instant ¢’.

any different combination of number of lanes or vehicle classes being
straightforward.

In Figure 3a two families of parallel trajectories can be observed,
corresponding to the motion of vehicles in two different lanes: a
slower lane and a faster lane. Vehicles from different lanes do not
interact with one another and proceed at a constant speed shared by
all the vehicles of the same lane (as previously stated). Two different
classes of vehicles are noted in both lanes: the most numerous class
is represented by heavy black straight lines and is called Class 1, and
the less numerous one is represented by light gray straight lines and
is called Class 2. It is shown that within a lane, vehicles from Class 1
observe on average a smaller space headway than do vehicles from
Class 2 (i.e., b, < hy). Typically, Class 1 vehicles could represent cars
and Class 2, buses or trucks. However, within a class, vehicles in
the faster lane observe greater headways than those in the slower
lane, having assumed an increasing speed headway function (as in
Equation 7).

Figure 3b shows an instantaneous picture of the traffic scenario
at instant #*, like that which would resuit from an aerial photograph.
It is worth noting that, according to Equation 7, vehicles from one
class, at a given speed, always observe the same space headway from
their leader vehicle regardiess of which class their leader vehicle
belongs to.

Obviously, with the aim of deriving a stationary model one should
agree that the traffic scenario in Figure 3 is stationary. In general,
traffic is stationary (in the strict sense) if all vehicle trajectories are
parallel and equidistant and also if there is a superposition of families
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of trajectories with these properties [see work by Daganzo (/4)).
In such a case, if one inspects the time—space diagram of the traffic
along a stretch through a window, the time or location of the window
cannot be recognized. This strict definition can be relaxed only by
requiring, for stationarity, that the total time spent and the total space
traveled by all the vehicles in a window be approximately the same
regardless of where the window is placed [for a comprehensive dis-
cussion of this position, see work by Daganzo (I4)]. In the scenario
of Figure 3, this less stringent condition of stationarity is verified if
one supposes the distribution over space and time of vehicles from
different classes to be approximately uniform. Indeed, in such a case,
in each window one would have two families of parallel trajectories
with approximately the same number of vehicles from the different
classes. Therefore it can reasonably be stated that the depicted scenario
is stationary.

Nevertheless, this scenario is not far from representing traffic
operations on freeways in severely congested conditions (i.e., near
capacity). When the flow approximates road capacity, vehicles have
difficulty finding a gap in the adjacent lanes to perform a lane change
[see work by Brackstone et al. (15)]; they proceed at the approxi-
mately uniform speed of the lane. Appropriately, this range of oper-
ations is the main focus of attention in the calibration here, as will
be shown in the next section.

Therefore, given the stationarity of the scenario, it is possible to
apply to each lane the fundamental equation:

g =kv = 16)

=<

where ¢, k', v/, and ! are, respectively, the flow, the density, the
speed, and the average space headway on lane J, with /=, F (i.e.,
slower and faster lanes).

The average space headway on a lane can be obtained as the aver-
age of the headways observed by the vehicles of each class weighted
with the percentage of vehicles from that class over the total number
of vehicles:

h'=ao'h)+(1-o')h

where o is the percentage of Class 2 vehicles on lane [ (i.e., the per-
centage of heavy vehicles). Since the total density on a lane is equal
to the sum of the partial densities (i.¢., vehicle densities of each class),
K=kl + k!, of can be written as follows (see also Figure 3b):

i
0c’=7]z27

Then Equation 16 becomes
! v

" (-0 an

q

Substituting Equation 7 in Equation 17—that is, introducing in
Equation 17 the expression of the space headway at equilibrium for
the Gipps model—one obtains the desired multiclass model:

!

1 Gipps v

q =

(18)

alh;.ﬁipp) + (‘, _ al)h]l,Gipps
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where the headway of each vehicle class j, given by Equation 7,
is obviously a function of the lane speed, V', and of the vector of
parameters of that class, (B;:

Wow = @(v,B,)  with B, =(t,,0,.b,.b, s;) (19

j*7in Y1 T
From a modeling point of view it is worth noting that parameter
values for class j in Equation 19 have to be considered as the mean
values for that class. In other words, the proposed model deals with
the mean values of the parameter’s distributions of each class.
Equation 18 is analogous to Equation 10 for a multiclass traf-
fic flow. Like Equations 7 and 10, it is well defined for v/ belong-
ing to [0, V™[, where V™ = min {VI™, V;*}. For v/ = Vm= itisa
multivalued function.

MICROSCOPIC PARAMETER CALIBRATION

This section presents a procedure for calibrating the microscopic
parameters of the Gipps model based on the multiclass stationary
model derived earlier.

Optimal values of parameters are obtained by fitting the multi-
class model to real traffic data consisting of detector counts and
speeds divided by lane and by vehicle class. The calibration pro-
cedure involves the solution of a minimization problem in which
the objective function expresses the deviation of the model outputs
from the observed measurements. A least-squares (LS) method was
implemented.

Methodology

A major difficulty in direct implementation of Equation 18 within an
LS estimator is that it is a multivalued function for v/ = V™. This dif-
ficulty makes the estimation infeasible. To overcome this problem, the
inverse of Equation 18 was considered. However, since Equation 18 is
partially invertible, only the part corresponding to stable flows was
used, that is, from free-flow conditions to the flow at capacity. This use
is consistent with the stationary assumption behind this whole paper.
The resulting expression for lane speed as a function of lane flow,
the percentage of heavy vehicles, and the Gipps model parameters
for each class is (lane subscript  has been removed for simplicity):

vGipps =min{vm,f(q,a, BpBZ)} (20)

where the second term in the right side is reported in explicit form
for the reader’s convenience in practical implementation:

(.0, B,) = [908,b,b,6,[q(1- )(x, +6,) + qou(t, +8,)
~3,600|— 0.5[b,5,b232[64,800q2[(1 —a)'s,
+a2S, +o(l-a)(s + Sz)][ab,l;, (b, )

+(1-a)b,b, (b, — b, )+ 32,400b,b,b,b,
%3600 - g (1 - o)(1, +6,)+ (1, + o,)[F]I"]
—:—[ b, — h

25410, b, (b, l;z)+(1—0c)bzl;2(bl—b,)ﬂ
2D

Relationship 20 is plotted in Figure 4a and b with a continuous
heavy black line. In Figure 4 the single-class models given by Equa-
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tion 10 are reported as well, as continuous light gray lines, the first
one fed with the vector of parameters B, and the second one with the
vector B, which are the same B, and B, of the mixed-flow model
(Equation 20). Figure 4 makes it clear that the model (Equation 20)
can be thought of as an interpolation, driven by the percentage of heavy
vehicles, o, between the pure model for light vehicles (i.e., if the flow
was composed only of light vehicles) and the pure one for heavy
vehicles.

On the basis of Equation 20, the LS problem was formulated as
follows:

miny =3, (v =) (22)

where

B = (B, Bz, V™, V™) = vector of parameters to calibrate,
v = Jane speed for interval i obtained by Equation 20,
v = lane speed observed in interval i,

and index i is retained for the measurement interval.

Since, unlike the current assumption of uniform speed within a
lane, observed speeds differ between classes (especially in free-
flow conditions), the following position was stated [see work by
Daganzo (I14)):

1

lrohi o

509
v;hq ‘J[\he
_a
where 6="2- (23)

obs
1ot

Position 23 also defines the relationship between the free-flow speed
of the mixed flow, V™, and the free-flow speeds of Class 1 and
Class 2 vehicles, V™ and V™. Otherwise, V{"** and V3™ would not
take part at all in the optimization problem (Equation 22); that is, it
would not be calibrated.

The solving of problem Equation 22 implicitly also provides the
breakpoint of the model in Equation 20 between its linear part, V™%,
and its nonlinear one given by Equation 21. Once optimal parameter
values have been found, the breakpoint of Equation 20 divides the
flow—speed plane into two parts and then the empirical data into
two groups. It is possible to verify that if one knew the groupings
before calibration, it would be possible to calibrate separately the
two parts of Equation 20, obtaining the same results as with simul-
taneous calibration. This outcome is relevant since it means that
calibration of one branch of the curve (e.g., the one by Equation 21)
is not affected by data from the other part of the flow-speed plane,
that is, by noncongested data.

In any case, after calibration, it is necessary to verify the assump-
tion behind the LS problem (Equation 22) of homoscedastic data
between the groups. Otherwise a generalized LS approach should
be adopted.

Application to Empirical Data

The proposed calibration procedure was applied to data collected on
the Napoli-Salerno two-lane freeway E45 in Italy. Data consisted of
counts and average speeds per class (light and heavy vehicles), per lane
per minute. Minute-long measurements were aggregated over longer
stationary periods. To this end the constancy of the mean of vehicle
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TABLE 1 Calibrated Values of Parameters

Lae  ©(s) b))  h@ms) VP Emb) w6 L) has) VPG
Faster 0.20 1.62 2.35 83.7 0.20 1.12 6.22 58.6
Slower 0.20 1.10 1.77 63.3 0.20 1.00 4.39 63.3

counts, xj, x, . . . , X,, during successive intervals was checked by
using a distribution-free test that verifies the independence of the
X1, X5 .« . , X, Sequence from that of the first n natural numbers [see
work by Kendall and Stuart (16)]. The resulting data are plotted in
Figure 4c.

A first calibration was performed by assuming that light vehicles
(or heavy vehicles) observe the same distance—speed function inde-
pendent of the lane. This operation entails considering only two classes
of vehicles with parameters (3;, 3, and extending the summation in
Equation 22 to data from both lanes. The results were not good. For
example, a root-mean-square percentage error (RMSPe) of 22.2%
was found. But above all, almost all the data were used in fitting only
the linear part of the model.

This result suggests that the (manifest) differences existing in this
case between data from the two different lanes (see Figure 4¢) cannot
be explained only by the different percentage of heavy vehicles exist-
ing on the lanes. That is, light (or heavy) vehicles behave differently
if they are in the slower or in the faster lane.

For this reason one model (Equation 20) per lane was successively
calibrated. The results are presented in Tables 1 and 2 and in Figure 4a
and b. In the latter, for the faster and slower lanes, observed data
(gray stars) are plotted against the values given by Equation 20 after
calibration (plus signs). Moreover, in Figure 4a (or Figure 4b) the
mixed-flow model of Equation 20 is plotted for a percentage of heavy
vehicles, 0., equal to the average of all the observations of the faster
(slower) lane. The curve is contained between the pure light and the
pure heavy-vehicle curves for that lane.

In Table 1 calibrated values of parameters are reported; in Table 2,
error statistics. The latter are root-mean-square error (RMSE),
RMSPe, and Theil’s inequality coefficients (U, U¥, US, US) (17).

The fitting of all the models is quite satisfactory as confirmed
by the error statistics. In particular, Theil’s coefficients are near
the optimal configuration (U™ =0, US=0, U¢ = 1). This result con-
firms the belief, from observation of Figure 4c, that available data
are better reproduced by considering a different model for each lane,
that is, four different classes of vehicles: slow cars, slow trucks, fast
cars, and fast trucks.

Values of the calibrated parameters seem meaningful and all are
consistent with expectations. In particular, the bib ratios that give
information on driver aggressiveness were investigated: the lower
the ratio, the more conservative the driver is. It can then be verified
that trucks are appreciably more conservative than cars, regardless
of the lane; that is, trucks observe higher headways. Faster cars (cars

TABLE 2 Error Statistics

in the faster lane) are more aggressive than slower cars. The opposite |
holds for heavy vehicles that observe slightly greater headways on
the fast lane.

Aggressiveness is also affected by reaction time. However,
after calibration, all the classes show a reaction time equal to that
set as the minimum acceptable value [T = 0.2 s, having assumed
that the 0’s were equal to /2, as in the work by Gipps (/)]. As a
matter of fact, smaller reaction times imply that drivers are more
aggressive and that the flow at capacity is higher (see Equation 12).
One can imagine that calibration produced small reaction times to
fit data presenting high values of capacity (“high” must be intended
to mean within the limits of the Gipps model in reproducing high
capacities).

Finally, the group of data on which the branch of the curve for
Equation 21 is fitted is composed mainly of data from heavy con-
gestion, which are presumably scarcely affected by lane changes (15).
As aresult, Gipps microscopic parameters, [3, should not be substan-
tially affected by the fact that lane changing was not considered in
the model.

SUMMARY

This study sought to make a contribution to the problem of calibrat-
ing the microscopic parameters of the Gipps model. The approach
followed consists in first deriving traffic stream models in the form
of steady-state solutions of car-following models and then in fitting
such models to stationary traffic data.

To this end, the equilibrium distance—speed function for the Gipps
car-following model was obtained, and it permitted a qualitative
interpretation of the model stability behavior as well. Then corre-
sponding traffic stream models were derived and their analysis, for
different combinations of microscopic parameters, allowed the expla- |
nation of the widely held belief that the Gipps model is unable to
reproduce unstable phenomena like the breakdown of traffic flows
(though, from a mathematical point of view, the model can be
unstable). An explicit formula for the flow at capacity, as a function
of microscopic parameters, was provided as well.

Since multiclass simulations are customary in common practice,
single-class models were successively generalized to a multiclass
traffic scenario. On the basis of such a mixed-flow model, a calibration
procedure was developed and applied to real motorway traffic data.
The procedure proved to be effective in terms of error statistics.

Lane RMSE (km/h) RMSPe (%) U uM Us e
Faster 8.97 12.8 0.058 0.000 0.034 0.966
Slower 7.06 12.5 0.059 0.000 0.058 0.942
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Values of calibrated parameters were all significant and consistent
with expectations. Moreover, they were consistent with the observed
aggregate measures (e.g., flow at capacity).

Finally, unlike nonstationary, model-based approaches, the comput-
ing time required by the multiclass calibration presented is negligible,
allowing calibration of a large number of parameters (i.e., calibration
of different classes of vehicles).
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