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Executive Summary

The overarching challenge of i4Driving project is to deliver a new library of credible models of
heterogeneous human driver behaviours which provides a human road safety baseline for CCAM virtual
assessment.

Developing a new library means a combination of models, suitable and valid for both scenario-based
and traffic-based safety assessment, which bring the heterogeneity and complexity of the road traffic
system into simulation. Adding sufficient heterogeneity does justice to the diversity of human driving
behaviours and drives the occurrence of both “uncritical” and safety critical situations in daily traffic.
Sufficient system complexity is needed to make a robust and meaningful analysis of road safety.

As part of the i4Driving project, Work Package 4 (WP4) aims to encode the heterogeneity of human
and external factors (e.g., gender, ageing, driving experience or weather conditions) resulting from
naturalistic driving studies (NDS) and driving simulation experiments (DSE), into probabilistic
distributions and correlation structures of model parameters.

Task 4.2, which is the subject of this Deliverable, aims to define an estimation methodology to encode
drivers’ heterogeneity into models.

Section 1 of this Deliverable introduces the indirect estimation methodology for driver model
parameters, explaining how behavioural parameter values are inferred from observed trajectory data.
Section 1.1 details the MATLAB implementation, outlining the methodological workflow used for
parameter estimation, while Section 1.2 presents the AIMSUN implementation of the cognitive layer,
the implementation of a calibration pipeline based on trajectory data, demonstrating how the indirect
estimation approach can be integrated into a traffic simulation environment.

Section 2 focuses on the direct estimation methodology, with Section 2.1 describing the OpenTrafficSim
(OTS) implementation.

Indirect and direct estimation obey to different philosophies and in this project have been used to
different purposes. While direct estimation has been used to validate the assumptions made on some
model features, like the shape of the task demand fundamental diagrams, the indirect estimation, or
calibration, has been applied to estimate distribution of parameters for a driver population sample. Both
the methodologies have been applied to the trajectory data gathered in the DSEs of WP3.

As to the indirect estimation, this has required the implementation of models into Matlab codes to make
it possible, within the project timeline, to run the extensive campaign of calibration experiments,
uncertainty analysis and sensitivity analyses (aimed at selecting the candidate longitudinal driver
models), and to test and develop the methodology for the indirect estimation itself. Nonetheless the
pipeline for the indirect estimation has been implemented both in OTS and Aimsun and is available for
future calibrations.

Finally, Section 3 addresses the calibration of an alternative modelling approach of a human driver
through Bayesian Networks.

Results of the calibrations, i.e., the distribution of estimated parameters will be provided in a subsequent
deliverable, namely the D4.3.
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1 Indirect Estimation

This section presents the indirect estimation of human driver model parameters. In this context, an
i4Driving model — integrating both car-following and lane-changing behaviour — is presented and then
calibrated through indirect estimation. The calibration process consists of comparing simulated vehicle
trajectory data with observed data, with the aim of minimising discrepancies between them.

The rationale behind this approach is that key elements of individual driving styles — such as desired
speed, desired time-headway, perception delay, reaction time, and lane-changing desire — are not
directly observable in most experimental settings. Instead, they must be inferred by solving an
optimization problem, where the model’'s outputs (e.g., spacing, speed profiles, lane-changing
behaviour, gaze allocation, and cognitive workload) are fitted to the observed trajectory data.

1.1 MATLAB Implementation

1.1.1. Model implemented in MATLAB

This section of deliverable D4.2 illustrates the implementation in MathWorks MATLAB® of the
theoretical concepts underlying the i4Driving human driver models, as described in D2.4 (Integrated LC
with social interactions and HF models — theory and principles).

In D2.4, the i4Driving human driver models are conceptualised as a set of mathematical formulations
that describe longitudinal (vehicle following, cruising) and lateral (lane changing) vehicle movements,
based on driver-perceived stimuli such as inter-vehicle spacing and relative speeds.

The implementation in MATLAB is intended to facilitate the calibration and validation phases. To this
end, trajectory data collected during the driving simulator experiments (see deliverable D3.2) are used
as a reference for the development of a calibration methodology. In these experiments, an ego-vehicle
was driven within a traffic environment containing a set of surrounding vehicles. Accordingly, it is
necessary to formally define the perceived state of the ego-vehicle.

The state )("e"”(t), perceived by ego-vehicle veh with respect to a surrounding vehicle, i.e., a

preceding vehicle K in the current lane i, or a preceding vehicle S in an adjacent lane j= {i-1, i+1}, is
defined as:

veh K,S veh,K,S veh,K,S
(t) - [ pant(t Tp front) Axp tot,ant(t Tp front, Tp lat) Av ptot (t, Tp,front» Tp,lat)]
Where:

. v;ji{;lt(t, rp,fmm): perceived (i.e., perception delay 7, ;.,,.) and anticipated speed of ego-vehicle
veh.

A ;’i’;t’{aflt(t, Ty fronts rmat): total perceived and anticipated spacing between the ego-vehicle
veh and surrounding vehicles, i.e., preceding vehicle K or S.

e K!: preceding vehicles in lane i.

e R following vehicles in lane i.

e St preceding vehicles in adjacent lanes to i.

e SU:preceding vehicles in lanes j adjacent to i, i.e., j= {i-1, i+1}.

The perceived spacing Axp5*(t,7,) and relative speed Avj5"(t,7,) between ego-vehicle veh and
preceding vehicle k in the current lane i are denoted as 1,[)”3’1 (t rp)

veh(t Tp) {Axveh(t T,,) Avveh(t Tp)}

The formulation of the perceived net spacing between ego-vehicle and preceding vehicle k is defined
as:

Axyl = xpf — xpeh — I



Where:

. x,’,f: perceived longitudinal position of the preceding vehicle k, specifically referring to the
position of its front bumper as perceived by the ego-vehicle.

. x;f“’h: perceived longitudinal position of the ego-vehicle, corresponding to the location of its front
bumper.

e [¥:length of preceding vehicle k.

The relative speed between ego-vehicle and preceding vehicle k is defined as:
Avsh = vk — v
Where:

. vz’,‘: perceived speed of preceding vehicle k.
° v,’,’Eh: perceived speed of ego-vehicle.

Consequently, the perceived speed of preceding vehicle k is:

k — veh veh
vy = Avgyt + vy

The longitudinal acceleration a(t) at timestep t is defined as:

oo = |min {ffF (X;»"""”'Sl'(t), ,8(1:)) , asy"C(t)} Vt € [0:7, cp (6): T]
a(t —At)
Where:

o fCF(.): car-following model function.

o B(t): set of model parameters (see Table 1) at timestep t.
o a’Y"¢(t): synchronization acceleration at timestep t.

e 1, .:(t): reaction time for car-following at timestep t.

e At: simulation timestep.

The acceleration f¢F(+) is computed using a modified version of the Intelligent Driver Model (IDM,
Treiber et al., 2000), defined as follows:

S5
Vyen (£) . Svendes(t)
a;nax ' (1 - (L lf - < SfrFth n vveh(t) < vfrFit

UO Sn (t)

8 2
amex .1 — VUveh (t) _ Sveh,des(t) if Sveh,des (t) < SFF.CF
e v su() sa(0) T

0= 0N
s
min alr;ré%x 11- <%> ’ _bveh if vveh(t) > vngit
Sven (t)
2
S t
apdX 11— (M> otherwise
Sven (t)

Where the desired net spacing s,p, 4¢5(t) Of ego-vehicle veh is given by:

vuen®) - (oen () = vy (©))

2- a]r]rg;.lx * |byenl

Sveh,des(t) =5+ max| 0,00 (t) - T +

Where:

e allt*: ego-vehicle’s maximum acceleration.
e b, ego-vehicle’s comfortable deceleration.



e 5,: ego-vehicle’s minimum net spacing when ego-vehicle stops.
e T:ego-vehicle’s desired time-headway.

e v,: ego-vehicle’s desired speed.

e §:ego-vehicle’s acceleration exponent.

o v,.,(t): ego-vehicle’s speed at timestep t.

o V. )(t)' speed of the first leader in current lane i, at timestep t¢.

K'(1
o vEE vEE.: critical speeds for free-flow and car-following behaviour.
o sEE., SEFCF: critical spacing thresholds for behavioural transitions.

The state, perceived by ego-vehicle with respect to a preceding vehicle (Kor S) is defined as:
xS @) = xS () - [y + (TS = TSei) 5]

Where:

X;’Jfl'}“(t): effective state of the interaction between the ego-vehicle and a preceding vehicle K

or S. Importantly, this state is not affected by perception errors and represents the true physical
state (e.g., spacing, relative speed) at timestep t, as would be observed under ideal conditions.

e ¢, fixed-component of perception error.

e TS: current task saturation.

o TS, critical task saturation threshold.

e Ars: parameter shaping error sensitivity to overload.

The spatial anticipation model implemented in MATLAB is based on Ngoduy (2015). In this model, the
anticipated state of the traffic environment is computed by aggregating information from vehicles in the
current lane i as well as in the adjacent lanes j= {i-1, i+1}.

~ veh KLSt  vehKY h, ~ veh,SY .
;ewtl( s (t Tp JSfront, Tp lat) 1/);;8 K« (t Tp front) + Z ¢ve s (t Tp,lat(j)' l)
j={i+1,i-1}
The state perceived by ego-vehicle with respect to preceding vehicles K in the current lane i is:
Ykekica,.3) af - PEt(t — 1) - ool (Axf it (t — 1) < xo N Aypst(t —1,) < Yoour)
ZkEKi(l,..,3) ay bool(Ax (t — Tp) <xo N Ay”eh (t — ‘rp) < Yo out)

vehKl(t’ p) —

The state perceived by ego-vehicle with respect to preceding vehicles S in the adjacent lanes j= {i-1,
i+1}. is:

"ehsj(t Ty i)= Z ak 1/) (- ‘L'p) -bool(Axk?(t - ‘L'p) < e
kesti(1)
<xoN {Ay”eh(t —7,) < Yoin Vo Slgnal’ (t — ‘L'p) > indy,})
Where:
e aj,a]: weighting factors.
e Ax and Ay: longitudinal spacing and lateral distance, respectively.
® Xy, Y0,ins Yo,outr- SPatial thresholds.

The temporal anticipation model implemented in MATLAB is based on Treiber et al. (2006). Its
formulation is reported below:

veh,K,S _ veh,K,S veh,K,S .
Axp tot, ant(t' Tp,front' Tp,lat) - Axp,tot (t: Tp,frontr Tp,lat) + .usAUp tot (t' Tp,front' Tp,lat) Tp,front

Where:



. Ax;,’i’;'f's(t,rp,fmm, Tp,lat): ego-vehicle’s perceived spacing to surrounding vehicles, i.e., the
preceding vehicles K in current lane, and the preceding vehicles S in adjacent lanes.
. Av;’jﬁ't"'s (t, Tp fronts rp,lat): ego-vehicle’s perceived average relative speed with respect to the

surrounding vehicles, incorporating both perception delays (from frontal and lateral visual
channels) and temporal anticipation mechanisms.
e u.:temporal anticipation factor.

The anticipated speed is given by:
U;Z}}lt(t, Tp,front) = v;)]eh(t' Tp,front) + .ufoF(t - Tp,front) ’ Tp,front

The lane-changing model implemented in MATLAB is based on the Lane change Model with Relaxation
and Synchronization (LMRS; Schakel et al., 2012). In the LMRS, the lane-changing desire d,-(t) is
triggered when the maximum between the left-lane and the right-lane desires exceeds the threshold

dfree (t):
dyo(t) = {max{di'i”(t),di'i‘l(t)} > dfree(t) vt € [0: T, 1c(0):T] € = 5 + ts_curme
0 otherwise
Three components determine lane-changing desire, i.e., the desire to increase or maintain speed (d%’),
the desire to adhere to the right-lane rule (d,’), and the desire related to social pressure (d;’).
d¥(t) =dy () +d (®) +d) (), Vi={i-1i+1}
The lane-changing desire to increase or maintain speed for the left lane is:

i-1 le;l% (t' Tp,lat(i—l)) - v(lznt (t' Tp,front)

d,i,'i_l(t) = again(t) ’
0

vgain

The lane-changing desire to increase or maintain speed for the right lane is:

min{O, vziz-:t% (t, Tp,lat(i+1)) - vént(t' Tp,front)}

vgain

a;;%n (t) '

i
vant(t' Tp,front) > Verit

d; (e =

a”l (t) . vzlz-;z% (t, Tp,lat(i+1)) - vtlznt(tt Tp,front)

i
gain vant(t' Tp,front) < VUcrie

vgain
0

Where acceleration gain, denoted by a;ain(t), reflects the decrease in lane-changing desire when the
vehicle is accelerating. The corresponding reduction factor is formulated as:

max {o,f” (x;g"“i(o, ﬁ(t))}

a

a‘éal‘n(t) = 1 -
The desire to adhere to the right-lane rule is defined for the left and right lanes as follows:
di ') =0

dli)’Hl(t) — {gfree Vfﬁi () = v, (1)

The desire related to social pressure is defined as follows:
dg 7 (0) =
_o.ppas(Ri—l(l)’ t— Tp,lat(i—l))

if:



v;go (t - Tp,lat(i—l)) > Verit and
Jppas(Ri_l(l)' t— Tp,lat(i—l)) > paCt(Ki_lcl)' t— Tp,lat(i—l))
0 otherwise

Where p”aS(Ri‘l(l), t— Tp,lat(i—l)) is the passive social pressure, perceived by the ego-vehicle with the
lateral perception delay 7, ,,:(i-1), €xerted by the (potential) first follower in the target lane i — 1 (the left
adjacent lane). Conversely, p““(Ki‘l(l),t - Tp,lat(i—l)) is the active social pressure, exerted by the
ego-vehicle on the (potential) first leader in the target lane i — 1 (the left adjacent lane), perceived with
the same perception delay t,, ;4¢(i-1)-

dg T (6) =
JppaS(Ri(l), t— Tp‘back)
if:
2% (t = Tppack) > Verie and
PP (RY(1), t = Tp pacic) > P (K (1), t = Ty, ront)
0 otherwise

Where p”“S(Ri(l),t —rp,back) is the passive social pressure, perceived by the ego-vehicle with the
perception delay 7, pqcc » €xerted by the first follower in the current lane i . Conversely,
p““(Ki(l), t— Tp,front) is the active social pressure, exerted by the ego-vehicle on the first leader in
the current lane i, perceived with the perception delay 7, ront-

The anticipated speed, v/

ant

(t,7,). which accounts for the traffic in front, is defined as:

vént(t, T,) = min {vo ), Ircrel}(r}(?g (¢, ‘rp))}

vp(tt,) = vyt —7p)- (1—ml [ MDMn{ M} vo(0)

The safe acceleration and deceleration constraints are defined separately for the follower and leader
vehicles in the target lane, to ensure that the lane change does not result in unsafe interactions.

e Safety with respect to the (potential) first follower in the target lane R9(1):

The car-following model output, scaled by the lane change modulation factor 1., must not fall
below the safe deceleration threshold scaled by the lane-change desire:

£ (x990 (), B(©)) - Ay = —b - dye(t)

e Safety with respect to the (potential) first leader in the target lane K*9t(1):

The car-following response from the ego-vehicle toward the leader must also be above the
minimum deceleration requirement:

£ (2" D20, B1)) 2 —b - dye (0
Where:

o fCF(.): car-following model function.
R'9Y(1),eg0,0.
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ego,Kt9t(1),0 .

* X : perceived state of the first leader in the target lane relative to the ego-vehicle.

. : perceived state of the first follower in the target lane relative to the ego-vehicle.



o [(t): set of car-following model parameters.

o ,.: scaling factor of ego-vehicle’s response during lane-changing.
e b: comfortable deceleration of ego-vehicle.

o d,-(t): lane-changing desire at timestep t.

When the lane-changing desire d,.(t) exceeds a predefined synchronization threshold d,,, the ego-
vehicle limits its acceleration to synchronize with the surrounding traffic — particularly the leader(s) in
the target lane — to ensure a smoother and safer lane-changing.

The synchronization acceleration a®¥™¢(t) is defined as:

awma)Z{nmxpfFQ§W“”%amﬁaﬁ,—ﬂ Vet dye(t) 2 doyne

oo otherwise

Where:

e d,;.(t): lane-changing desire at timestep t.
®  dsyn.: threshold above which synchronization behaviour becomes active.
o fCF(-): car-following model function.

;g"'tht'@(t): perceived state of the ego-vehicle with respect to the leader(s) K" in the target
lane.

e oo: no synchronization constraint is applied when d; ¢ (t) < dgyn,-

The active social pressure, p%t(k, t), perceived by the leader and exerted by the ego-vehicle is defined
as:

o () —vg (1) / ] Ax;:qko(t) .
paCt(k; t) = 1—¢e Vgain \1—mm L Xq vo(£)>vy;(£)

0 otherwise

Where:

e v, (t): ego-vehicle’s desired speed at timestep t.

. v,’f (t): perceived speed of leader vehicle at timestep t.

*  Vg.n: €go-vehicle’s speed sensitivity parameter.

. Ax;j‘if (t): perceived net spacing between ego-vehicle and leader vehicle k.

e x,: longitudinal distance threshold used by the ego-vehicle to evaluate the influence of a
perceived leader.

The passive social pressure, pP%(r,t), perceived by the ego-vehicle and exerted by the follower is
defined as:

ACEY SOV IO))

pP%(r,t) = max<0,minil,
Ao

Where:

e a;(t): perceived acceleration of the following vehicle r.
e fCF(:)is the car-following function.
o B(t): car-following model parameters (e.g., from Table 1).

. X;’eg""b(t): perceived state of the following vehicle r relative to the ego-vehicle.
e 1,: Normalization/gain factor related to social pressure.

The behavioural adaptation component captures how key behavioural parameters — such as the desired
speed, time-headway, and lane-changing threshold — adjust in response to the driver’s cognitive state
and the traffic context.



The maximum desired speed v, (t) is influenced by both passive social pressure from the first follower
in the current lane and the driver’s task saturation TS(t). The formulation is:

Vo,des T 0 ppaS(Ri(l)' t)- Vgain
1+86,- max{o: (TS(t) - TScrit)}

vo(t) =

Where:

* Vg q4es: €90 vehicle’s desired speed in the absence of external influence (e.g., 120 km/h on
highways).

o ¢: sensitivity coefficient that scales the effect of passive social pressure on speed.

e pP®(Ri(1),t): Passive social pressure exerted by the first follower vehicle R!(1) in the current
lane i at time t.

*  Vg.n: €go-vehicle’s speed sensitivity parameter.

o B,: sensitivity coefficient for task saturation’s influence of speed.

e TS(t): driver’s task saturation level at time t, i.e., a measure of how mentally overloaded the
driver is.

e TS, critical threshold for task saturation.

The desired time-headway, T (t), is defined as the minimum of three components:
T(t) = min {Treiax ), T, (), Tyc ®)}

Tre1ax (t) Models the relaxation phenomena of the time-headway after a disturbance (e.g. lane change,
braking).

Tmax,o - T(t - At)
At *Trelax

Tretax (£) = min {Tmax ), T(t—At) +

Where:

® T4 Melaxation time constant (how fast the time-headway returns to the driver’s preferred
value).
®  Thaxo: baseline value of maximum time-headway.

T, (t) reflects time-headway adaptation resulting from the active social pressure exerted by the ego-
vehicle on the first leader K‘(1) in the current lane i.

Tp(£) = p (K (1), 6) - Tin (8) + (1 = PP (K (1), 8)) - Ty (£)
Where:

®  Thin Tmax: Minimum and maximum time-headway, respectively.
e p™t(Ki(1),t): active social pressure at timestep t.

T.c(t) depends on the lane-changing desire {(d,;)(t), which ranges from 0 (no desire) to 1 (strong
desire).

Te(t) = (dpc)(@) * Trnin (t) + (1 = {d1c) (@) * Trnax (2)

Both the minimum and maximum desired time-headways are modulated by the driver’s task saturation
level TS(t):

Tmin (t) = Tmin,O ) [1 + BT ) max{o: (TS(t) - TScrit)}]
Tmax(t) = Tmax,o : [1 + ﬂT ' max{O, (TS(t) - TScrit)}]
Where:

o Thino: baseline value of minimum time-headway.



®  Thaxo: baseline value of maximum time-headway.
e [r:sensitivity coefficient describing how strongly time-headways are extended due to overload.

Finally, the free lane-changing threshold, dg,..(t), which determines whether a lane change is
considered feasible, is also modulated by task saturation:

dree(t) = dfree * [1 + Ba - max{0, (TS(t) — TScri)}]
Where:

e d7..: baseline value of the free lane-changing threshold.
e g4 scaling factor indicating how sensitive dy... (t) is to increased task saturation.

The driver’s cognitive workload is modelled through two main components:

1. Channel-level Task Demand TD.,(t): quantifies the effort required to process information from
specific spatial or visual channels.

2. Task Saturation TS(t): measures the overall mental load relative to the driver’s perceptual and
cognitive capacity.

e Front channel (e.g. car-following, curves, signals)

The task demand from the front channel is calculated as:

TDfront(t + At) = max {TDCF (t)' TDcurve (t)' TDsignal (t' Ki)' TDscan(t)}
Where:
e Car-following demand:

vehK,S
(Axp,tot,ant(t'Tp,fTOnt'Tp.laf)>

”;ﬁ;}nt(tﬁp.front)

TDCF (t) =e WcF

e Curvature-related demand:

Vgs (Rx (t))
v(t)

e Surrounding vehicle’s signal demand:

mkin{Ax;,’ih () |signal(k) = 1})]

Xo

TDeyrpe (t) = max {0,1 —

TDsignal(t) = max {O: Wsignail (1 -

e Visual scanning demand (constant):

TDgcan(t) = Wycan

e Lateral channels (left/right lanes)
Lateral task demands are evaluated for the adjacent lanes:
TDlat(i—l)(t + At) = max {TDdi'i—l (t), TDsignal (t' Ki_l)' TDscan(t)}
TDige i1y (t + At) = max {TD4ii+1(t), T Dsignar (¢, K1), TDgeqn (£)}
Where:
. TDu0 = {ch @) @) = max (dY)0)

otherwise

e Rear channel (rear threats or pressure)
Back task demand due to rear threats or social pressure.



TDpack (t + At) = max {TDG'(t)! TDsignal (t, Ri)! TDscan(t)}
Where:
TDy(t) = o pPU(RI(1), )

¢ Non-driving task demand

Represents the effort due to secondary or distracting tasks:
TDypr(t + At) = f(¢)

o Task Saturation TS(t)
Represents the total perceptual and cognitive load, normalized by task capacity TC.

TDfront(t) + TDlat(i—l) (t) + TDlat(i+1)(t) + TDback (t)

TS(t) = TC

The attention allocation and anticipation reliance components are defined as follows:
Pen () = min{m’i°Y (TD (L)), TDe1 (t)}

AR, (t) = max{0, TDy, (t) — m*® (TD (1))}

Where:

o p.(t) represents the amount of attention allocated to a given perceptual channel.
o AR, (t) quantifies the extent to which the driver must rely on anticipation or prediction due to
overload (i.e., when task demand exceeds steady attention capacity).

The perception delay for a given channel is modelled as the sum of a fixed component and a time-
varying component that depends on task demand:

steady
_ TD.p, (t) ~Ten
Tp,ch(t) =min * Tp,FDTD,max» Tp,FDTD,max + Ty, fixed,ch
TDch (t)

Where:

® T, rixeacn- Daseline fixed perception delay for channel ch.
® T, rprpmax. Maximum time delay due to fluctuating task demand.

The reaction times for key driving behaviours — lane-changing and car-following — are dynamically
adapted according to the attention allocated to relevant channels. These formulations reflect the
principle that greater attention availability results in faster reaction times, while cognitive overload or
distraction leads to delayed responses.

Tr,LC(t) = Trmax — max{plat(i—l) (t), plat(i+1) (t)} ) (Tr,max - Tr,min)
T'r,CF(t) = Trmax — pf‘ront(t) ' (Tr,max - Tr,min)
Where:

®  T.min: Minimum value of reaction time.

®  T,max. Maximum value of reaction time.

* DT () attention allocated to the left or right lateral channels.
*  DPrrone(t): attention allocated to the front (longitudinal) channel.



Model parameters’ lower and upper bounds based on uncertainty propagation experiments (Punzo et
al., 2015) and expert opinion are presented below (see Table 1):

Table 1. Model parameters’ lower and upper bounds.

Parameter pound  pound Parameter | 0RR e
a [m/s?] 0.5 5 1Frone [F] 0.3 1
b [m/s?] 0.5 5 1Frone,2 [F] 0.5 1
so [M] 1 10 Wiore [-] 0.3 1
T [s] 0.1 4 Wiore 2 [-] 0.5 1
AT max [-] 0 3 Irighe [] 0.3 1
Av, [mis] 0 10 i gne.2 -] 0.5 1
5 [ 0.1 10 e 0 2
Verie pr U] 0 1 Wl 0 >
v cr [l 0 1 X0, frome [M] 1 500
Scrierr [7] 0 1 Xo,pack [M] 1 200
AScrie [M] 0 1 Vo,in [M] 0 2
Aretax [-] 1 10 Vo,out [M] 0 2
dfree [-] 0 1 to [S] 0 5
gyegi [-] 0 1 Aindgicator [] 0 1
Vgain [M/S] 0.1 10 Neurve [] 0 1
Veriec [l 0 1 Weirve ] 0.1 4
Mc [ 0.5 2 Riim [M] 0 1000000
o [-] 0 1 vy [M/s] - -
A [] 0.1 10 Verie,r (] - -
Ataitgating [ 1 10 Verie.cr [ - -
Br [-] 0 2 Verit,Le [ - -
By, [-] 0 2 Tnax [S] - -
Ba [-] 0 2 Scrit,rr,cr [ - -
wir [-] 0 1 Asyme [l I I
wiE [] 0 1 Whdrt,action - -
Weirve [-] 0 1 [ Fronts [] - -
Windicator [] 0 1 1 Frone [F] : :
Wican [-] 0 1 Hicres [F] - -
Whartatert ['] 0 1 e [-] - -
Wndrtactionperc [T |0 1 Irights [] : -
TC [] 0.01 1 1 gne -] - -
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TSeric [-] 0 2 1Frone [F] 0.3 1
Ars [ 0 5 1 F o2 [-] 0.5 1
tpmaz [S] 0 2 Hiere [-] 0.3 1
tgifffnt [s] 0 2 Wiere o [] 05 1
t]iere [s] 0 > Wrignea [ 0.3 1
e one [S] 0 7 Wrigne2 ] 0.5 1
t] ek [S] 0 > Wi 0 >
e, [m/s] 0 2 wr [ 0 2
Eax,front [M] 0 2 %o, front [M] 1 500
Eax,back [M] 0 2 o, pack [M] 1 200
Eav,front [MIS] 0 2 Vo,in [M] 0 2
Eav,pack [ M/S] 0 2 Vo,out [M] 0 2
€a,pack [M/S?] 0 2 to [S] 0 5
Aindicator [*] 0 1 Scrit,pr,cr [M] - -
Acurve [-] 0 1 dsyne [] i i
leurve [ 0. A Wareaction [] - -
Riim [M] 0 1000000 WFronts [] . -
vy [M/s] - - 1Frone [-] - -
Verie,pr [ M/S] - - Hl);fts [-] - -
Verit,cr [ M/S] - - Hl);ft [-] - -

Verit,LC [ m/S]

.Ur)‘(ights [']

Tmax [S]

/l;"(ight [']

11



1.1.2. Indirect model calibration

This section describes the indirect calibration of the implemented human driver models. This calibration
aims not only to maximize the efficiency of simulated trajectories compared to observed ones, but also
to evaluate the models’ ability to reproduce driver behaviour as observed in experimental data, including
aspects related to cognitive processes, such as gaze allocation and mental effort. The approach
adopted follows state-of-the-art methodology outlined in Punzo et al. (2021). In particular, the model
calibration problem is formulated as follows:

MoPs™ = F(B)

minimize f( MoP°%S, MoP5™)

subjectto: LBy < B < UBg,G(B) <0

where § is a vector of model parameters; F(e) is a function of 5; LBz and UBg represent the lower and
the upper bound for the parameters in 8, respectively; G () is a vector of constraint functions; MoP°bs
and MoP*"™ represent observed and simulated Measure of Performance, respectively; f(e) is a
Goodness-of-Fit (GoF) function; and f(MoP°%S, MoPs™) is the optimization objective function. The aim
of CF model calibration is to minimize f(MoP°%S, MoPs"™). Based on the findings in Punzo et al. (2021),

the Normalized Root Mean Square Error of spacing and speed, i.e., NRMSE (s, v), has been adopted
as GoF function in model calibration. The formulation of NRMSE (s, v) is the following:

GoF : f = NRMSE(Y)
MoP : Y = {s,v}
( NRMSE (s,v) = y;NRMSE(s) + y,NRMSE (v)

NRMSE(Y) = RMSE(Y) / J%ZT (X5 (1))?

1T )
RMSE(Y,) = \/;Z (Y () =Y (1))?
t=1
Where y, and y,, are weight factors; T is the total number of measurement instants in an experimental
trajectory.

1.1.2.1. Segmentation of the observed ego-vehicle trajectory

To develop the proposed calibration methodology, observed data collected during the driving simulator
experiments (DSE) are considered (see D3.2 and D3.4 for more details). These experiments include a
sequence of different traffic scenarios, such as cut-ins, merging manoeuvres, and non-driving-related
tasks. These scenarios expose the driver to a wide variety of situations, enabling them to capture driver
behaviour under heterogeneous conditions. In particular, DSE data include both the trajectory of the
ego-vehicle and driver-related cognitive aspects, such as gaze allocation and mental effort (gathered
by means of eye tracker and EEG). For calibration purposes, the model parameters are estimated
across all scenarios to capture overall driver behaviour.

During the driving simulator experiments, drivers completed a route encompassing rural and highway
sections, performing a series of lane-changes.

To formalize this process, each observed trajectory is divided into portions corresponding to lane-
changes executed by the ego-vehicle. More specifically, a portion starts either at the beginning of the
trajectory or immediately after the previous lane-changing and ends at the timestamp of the current
lane-change, denoted as t?2° (identified by a change in the ego vehicle’s lane ID).

For each segment, the following variables are defined:

e initialStep denotes the initial timestamp of the segment.
e tPbs denotes the timestamp at which the observed lane-changing occurs, identified by a change
in the ego vehicle’s lane ID.

12



Consequently, the temporal interval of the segment is defined as:

[initialStep ,t22%]

Given t;i", the simulated timestamp at which the model triggers the lane-changing decision, temporal
accuracy is quantified by computing the absolute difference between the observed and simulated lane
change times, normalized with respect to the time interval of the segment:

\_lap
KT tobs _ nitialStep

1.1.2.2. Lane-changing

The calibration of lane-changing parameters accounts for both temporal accuracy and directional
accuracy. Temporal accuracy refers to how closely the timing of the simulated lane-change manoeuvre
aligns with the observed manoeuvre, while directional accuracy assesses whether the model correctly
predicts the direction of the lane change that is, whether it occurs toward the left or right lane as in the
observed data.

In simulation, at each timestep t, the model computes:

e The lane-changing desire values (d. ¢, drigne)-
e Safety conditions based on acceptable accelerations.

A lane-change is triggered when both of the following conditions are satisfied:

1. The desire in a given direction exceeds a predefined threshold.
2. The manoeuvre is deemed safe.

Once a lane change is triggered, the simulation records:

1. The timestamp at which the decision is made:
tic" =
2. the direction of the manoeuvre, denoted as:
+1 for aleft lane — changing

dirfim = { . .
-1 for aright lane — changing

The simulated lane-changing manoeuvre is considered valid with respect to the observed manoeuvre
if both of the following conditions are met:

1. Temporal accuracy, i.e. the simulated lane-changing occurs within a predefined tolerance
window window, centred on the observed lane-change timestamp:
tsim € [t2hs — windowy, tP2S + window, ]

Temporal accuracy is quantified by the normalized absolute difference between the observed

and simulated lane-change times:

obs __ ¢sim
Af = |tpes — t3d
KT ¢obs — initialStep

When the simulated lane-changing occurs exactly at the observed time:

At;c =0
If the simulated lane-change falls outside the tolerance window or is invalid, the maximum
error is assigned:

At =1

2. Target lane agreement: the simulated lane change must result in the same target lane as the
observed manoeuvre. That is, after the lane-change, the ego vehicle must occupy the same
lane ID as in the observed trajectory at t?2s.

If the simulated lane-change is valid (i.e., both conditions above are satisfied), the final timestamp used
for computing car-following error is:

13



finalStep = min(t5", t28s)

Otherwise:

obs

finalStep = t¢

1.1.2.3. Car-following

The time interval used for evaluating car-following (CF) dynamics is defined as:
[initialStep, finalStep]

Based on the findings in Punzo et al. (2021), the Normalized Root Mean Square Error of spacing and
speed, denoted as NRMSE (s, v), is adopted as the Goodness-of-Fit function for model calibration.

If ego-vehicle performs a lane-changing before the start of the evaluation window, i.e., when

tsim < t98S — window,¢
the lane-changing error is set to its maximum value:
AtLC = 1

When the simulated vehicle performs a lane change outside the acceptable time window, or fails to
perform the lane-change altogether, the car-following error is penalized more heavily. In such cases,
the car-following error is computed over the full remaining duration of the segment [t;7", finalStep],
during which the observed vehicle continues its trajectory while the simulated one remains stationary.
This leads to an accumulation of car-following error over time.

1.1.2.4. Cognitive Effort

The model calibration also accounts for driver mental effort, i.e., an estimate of the driver’s cognitive
workload. This enables the evaluation of the model’s ability to capture not only vehicle dynamics, but
also the cognitive demands imposed on the driver.

The comparison between simulated and observed effort is performed timestep by timestep over the
evaluation interval:

[initialStep, finalStep].
Where:

e initialStep: initial timestamp of simulation.
e finalStep: final timestamp of simulation.

Given the following quantities:

®  TDfrone(t), TDiefe(t) s TDrigne(t) s TDpack(t), TDyprr(t): simulated contributions to cognitive
workload from each channel (front, left, right, back, NDRT).

e effort°?(t): observed cognitive workload at time t, derived from empirical measurements
such as subjective workload ratings or physiological indicators (e.g., task load indices) - see
WP3 simulator references for details.

Then, the simulated effort ef forts™(t) in each timestamp t can be computed as follows.
effortSim (t) = TDfront(t) + TDleft(t) + TDright(t) + TDback (t) + TDNDRT (t)
Vt € [initialStep, finalStep]

Finally, the Normalised Root Mean Square Error on effort can be computed.
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1 ofi . 2
JLspmaser (e foresm(e) - effortors (1))

NRMSE (effort) =
1 i 2
JEspmaser (efforeors 1)

1.1.2.5. Gaze allocation

The model calibration also considers driver gaze allocation, i.e., the distribution of visual attention
across different areas of the driving environment. Specifically, for each timestep te
[initialStep, finalStep], the simulated probabilities of visual fixation on five predefined attention zones
are given by:

p(t) = [pfront (t)' Diere (®), Prignt (t), Pback (t), PNDRT (t)]
Where:

*  Drone(t): probability that the driver is looking at the front zone (road ahead), computed at
timestep t.

*  pre(t): probability that the driver is looking at the left side zone (left mirrors or side view),
computed at timestep t.

*  prigne(t): probability that the driver is looking at the right side zone (right mirrors or side view),
computed at timestep t.

o prack(t): probability that the driver is looking at the rear zone (rearview mirror), computed at
timestep t.

e pyprr(t): probability that the driver is engaged in a Non-Driving Related Task (NDRT), i.e.,
looking away from the road, computed at timestep t.

The simulated gaze attention at timestep t, denoted as attention®™(t), is defined as the attention zone
with the highest fixation probability:

0 if max(p(t)) =0

attentions™(t) = { ,
arg max (p(t)) otherwise

The observed gaze attention attention®™(t) is obtained from human driver data and represents the
actual attention zone fixated at time t. This signal is inferred through eye-tracking measurements and
discretized into the same five attention zones used in the simulation. The temporal evolution of the
simulated attention is represented as a Markov chain, where the transition matrix models the probability
of shifting gaze from one zone to another over time (see deliverable D2.4 for the definition of the
attention matrix).

1 i . . . 2
\/N Z{Sgﬁfggtev (attentlons”” (t) — attention®bs (t))
NRMSE (attention) =

\/%Zf inalStep (attentionobs (tf))2

t=initialStep

1.1.2.6. Total Goodness-of-Fit function

Therefore, the i4Driving model calibration takes into account multiple performance metrics. Specifically,
normalized root mean square errors (NRMSE) are computed for vehicle kinematics, driver's cognitive
effort, and visual attention allocation. In particular, each error term is normalized to ensure comparability
across different performance metrics. Finally, these metrics are combined into a total Goodness-of-Fit
function:

NRMSE;,1q; = NRMSE(s,v) + At + NRSME (ef fort) + NRMSE (attention)
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Where:

o  NRMSE,,.q is the total Goodness-of-Fit function.

e NRMSE(s,v) represents the normalized root mean square error for net spacing (s) and speed
(v).

e At is the lane-change time deviation, capturing the temporal accuracy of lane-change
manoeuvres.

e NRSME((ef fort) quantifies the deviation of the driver’s cognitive effort from observed data.

e NRMSE (attention) measures the difference between predicted and observed visual attention
allocation across driving areas.
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1.2 AIMSUN Implementation

1.2.1. Aimsun Next Microscopic Model Background

The main logic of the microscopic simulation process in Aimsun Next (Aimsun 2024 and Casas et al.
2011) is a time-slice-based simulation. All vehicles are updated at each time interval (simulation step

At).

In the Aimsun Next microsimulator, during a vehicle’s journey along the network its position is updated
according to two driver behaviour models termed “Car-Following” and “Lane-Changing”. The premise
behind the models is that drivers tend to travel at their desired speed in each road section but the
environment (i.e. preceding vehicle, adjacent vehicles, traffic signals, signs, blockages etc.) conditions
their behaviour.

At each simulation step, the position and speed of every vehicle in the system is updated according to
the following algorithm:

if (it is necessary to change lanes) then
Apply Lane-Changing Model

endif

if (the vehicle has not changed lanes) then
Apply Car-Following Model

endif

1.2.1.1. Car-Following

The car-following model implemented in Aimsun Next is based on the model proposed by Gipps (Gipps
1981) and (Gipps 1986b) with two components, acceleration and deceleration.

The acceleration component represents the intention of a vehicle to achieve a certain desired speed.
This component states that the maximum speed to which a vehicle (n) can accelerate during the time

interval (t, t+At) is given by:
V(nt)
Ve(n)

V(n,t)
V(n)

V,(n,t +Dt) = V(n, t) + 2.5a(m)T (1 - ) 0.025 +

where:
V(n,t) is the speed of vehicle n at time t.
V*(n) is the desired speed of the vehicle (n) for current position.
a(n) is the maximum acceleration for vehicle n.
T is the reaction time.

On the other hand, the deceleration component states the maximum speed that the same vehicle (n)
can reach during the same time interval (t, t+T), according to its own characteristics and the limitations
imposed by the presence of the lead vehicle (n-1). This component is given by:

Vy(n,t +Dt) =dn)T

V(in—1,t)?

+ \/d(n)ZTZ —d(n) [Z{x(n -1L,t)-sm—1)—x(n—-6)}—-V(n )T — Tm=-1)
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where:
d(n) (< 0) is the maximum deceleration desired by vehicle n;
x(n, t) is position of vehicle n at time t;
x(n-1, t) is position of preceding vehicle (n-1) at time t;
s(n-1) is the effective length of vehicle (n-1);
d'(n-1) is an estimation of vehicle (n-1) desired deceleration.
The speed of vehicle (n) during time interval (t, t+At) is the minimum of the two expressions above:
V(n,t + Dt) = min{V,(n, t + Dt),V,(n,t + Dt) }

The position of vehicle n in the current lane is then updated using the integration of the speed.
Acceleration and deceleration phases are integrated using different methods. The acceleration phase
is integrated using the rectangle method corresponding to the following equation

x(n, t +At) =x(n,t) + V(n,t + At)At

while the deceleration phase integration uses the trapezoid method following this equation:

V(n,t+At) +V(n,t) At
2

The estimation of the leader’s deceleration is a function of the Sensitivity Factor parameter a defined
per vehicle type. The model is then:

x(n,t+ At) = x(n,t) +

dn—1)=dn—-1Da
o When ais <1, the vehicle underestimates the deceleration of the leader and as a consequence
the vehicle becomes more aggressive, decreasing the gap ahead of it.

e When a is greater than 1, the vehicle overestimates the deceleration of the leader and as a
consequence the vehicle becomes more careful, increasing the gap ahead of it.

The model also includes the minimum headway between leader and follower as a restriction of the
deceleration component. This constraint is applied before updating the position X(n,t+T). The minimum
headway constraint is defined as:

Ifx(n—1,t+ At) — [x(n, t) + V(n, t + At)At] < V(n,t + At)MinHw(n)

then

x(n—1,t+At) —x(n,t)

Vin,t+ At) = -
(n,t+A0) MinHw(n) + At

where:
x(n, t) is position of vehicle n at time t;
x(n-1, t) is position of preceding vehicle (n-1) at time t;

MinHW(n) is the minimum headway of vehicle (n) between it and vehicle (n+1).

1.2.1.2. Calculating the speed for a vehicle at a section{

Three parameters are used to calculate the maximum desired speed of a vehicle while driving on a
particular section or turn, two are related to the vehicle and one to the section or turn:

e Maximum desired speed of the vehicle i: Vmax(i)
e Speed limit acceptance of the vehicle i: 8(i)
e Speed limit of the section or turn s: Slimit(s)
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The maximum desired speed of vehicle i on a section or turn s, is calculated as:

Vmax(iﬂ s) = min{slimit (S)G(I): Vinax (i)}
Where:

¢ Vmax(i) is the maximum desired speed of the vehicle i;
e 0(i) is the speed limit acceptance of the vehicle i;
o Slimit(s) is the speed limit of the section or turn s.

This maximum desired speed Vmax(i,s) is the same as that referred to above, in the Gipps car-following
model, as V*(n)

1.2.1.3. Lane-Changing

The lane-changing model can also be considered as a development of the Gipps lane-changing model
(Gipps 1986a and 1986b). Lane change is modelled as a decision process, analysing the necessity of
the lane change (such as for turn manoeuvres determined by the route), the desirability of the lane
change (to reach the desired speed when the leader vehicle is slower, for example), and the feasibility
of the lane change depending on the position of the vehicle in the road network with respect to the lane
geometry and adjacent vehicles.

To represent the driver's behaviour in the lane-changing decision process, three different zones are
considered, each one corresponding to a different lane-changing motivation.

e Zone 1: The lane-changing decisions are mainly governed by the traffic conditions of the lanes
involved considering the desired speed of driver, the speed and distance of current preceding
vehicle, speed and distance of future preceding vehicle in the destination lane. The model
implemented in this zone is the overtaking manoeuvre model.

e Zone 2: This is the intermediate zone. Vehicles driving in the "wrong" lane (i.e. lanes where the
desired turn movement cannot be made) tend to get closer to the correct side of the road from
which the turn is allowed. Vehicles looking for a gap try to adapt their speed to find gaps located
either downstream or adjacent to them.

e Zone 3: Vehicles are urgently trying to reach their valid lane, looking for gaps upstream and
reducing speed, if necessary, even coming to a complete stop in order to make the lane change
possible.

The lane changing of each vehicle i at section s has four aspects:

o Computation of valid target lanes: The set of valid lanes in a section is calculated considering
the Look-ahead distance defined by all downstream obstacles (such as reserved lanes, lane
closures, incidents, etc) and turnings. This Look-ahead distance is the upstream distance to the
point where the vehicle is aware of its target lanes considering its path and downstream
obstacles. The output of this process is a set of valid lanes for zone 3 and a set of valid lanes
for zone 2.

e Vehicle behaviour considering the target lanes: The strategy is for every vehicle try to reach the
set of target lanes defined by zone 2 and 3 and the vehicle behaviour is as follows:

o If the vehicle's current lane is not within the subset of valid lanes determined by Zone 3,
the vehicle's behaviour is determined by Zone 3.

o |If the vehicle's current lane is within the subset of valid lanes determined by Zone 3 but
outside of the subset of valid lanes determined by Zone 2, the vehicle's behaviour is
determined by Zone 2.

o If the vehicle's current lane is within the subsets of valid lanes of both Zone 3 and 2, the
vehicle's behaviour is determined by Zone 1.
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Gap Acceptance model for Lane Changing: The gap acceptance model is consistent with the

car-following model, in order to avoid artificial break down situations. The gap is acceptable if

the physical quantities at time t+Dt fulfils the three following requirements:

e the gaps are positive (both the upstream and downstream gaps)

o the computed speeds are positive,

o the decelerations imposed are smaller than a MaxDesiredDecel (where a is the Sensitivity
Factor parameter)

Target Gap and Cooperation: To change lane, the target lane is searched for an adequate gap.

The upstream vehicle of the gap must and be able to follow the vehicle that is looking for a gap

using the crash free car-following model or be willing to cooperate. The subject vehicle

intending to change lane will then progressively adapt to the speed of the downstream vehicle

using the two-leaders car-following model with a negative gap if needed. When choosing an

adjacent or backward gap, the vehicle intending to change lane will always have a speed that

is lower than the one imposed by its current leader. To avoid this penalty, the lane-changing

vehicle can instead choose a forward gap if it is able to overtake the downstream vehicle before

the forthcoming obstacle. Selecting a forward gap will however not cause it to exceed the Gipps

car-following speed imposed by its current leader. The order of evaluation of gaps in each zone

is:

e Zone 1:1st Adjacent gap

e Zone 2: 1st Forward gap and 2nd Adjacent gap

e Zone 3: 1st Adjacent gap and 2nd Backward gap

1.2.2. i4Driving Implementation in Aimsun Next

The implementation introduces an additional layer—the 14Driving Human Driver cognitive model (Figure
1)—which enhances the behavioural models already present in Aimsun Next, as described in the
previous section.

-

Perception channels

| Perception & behaviour
] adaptation

Perception model
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Behaviour adaptation ]

Stimuli
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| _— Task Demand

Attention (AR) 1
Distribution Anticipation H.elinnl:eJ
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X N Perception quality ]
Stimuli

Space headway
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Figure 1. Concept of 14Driving Human Driver cognitive model.

1.2.2.1. Oversaturation factor 7.5

The oversaturation factor, denoted as TS = } TDk /TC is calculated by summing the maximum task
demand across all perceptual channels (TDk) and dividing by the vehicle’s task capacity (TC), which is
defined by the vehicle’s parameter taskCapacity.

1.2.2.2. Attention matrix P

The attention matrix P represents the distribution of a driver's perceptual resources across channels.
Its elements are defined as:

Pi,j = TDi for (i =)
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Pi,j=(1-TDi) TDj | Yk#i TDk for (i # j)

where TDi is the maximum Task Demand for channel i.

1.2.2.3. Perception Delay

The perception delay for each perception channel i is computed as:
ti = tmax/ TC - ARi | TDi
ARi = max(0, TDi - Si)
Where:
tmax is the vehicle’s parameter: tauMax;

Si is the steady state value of the attention matrix P.

Note: The attention matrix and its steady state are updated at each simulation step. While the update
frequency is configurable, aligning it with task demand computation ensures consistency. A step size
of 0.1 seconds is recommended for smooth variation.

1.2.2.4. Implementation of Task Demands per Channel

The following task demands are currently not implemented in the Aimsun Next cognitive model:

e |Leftroad
o Conflicts
o Scan

e Oncoming road
o Conflicts

o Scan

e Rightroad
o Conflicts
o Scan

e [n-vehicle
o Phonecall
o In-vehicle controls

The following task demands are currently implemented in the Aimsun Next cognitive model:

Left Front Right
e Lane change (left desire) e Car-following e Lane change (right desire)
e Signal (right indicator) e Signal (brake lights) e Signal (left indicator)
e Cooperation (right desire) e  Traffic lights e Cooperation (left desire)
e Scan e Scan e Scan
Rear
e  Social pressure
e Scan

Assumption: The scan value is set to 0.1 at the beginning of each simulation step for all channels.

The C++ code of all channels implementation is the following:

e  Front channel:

TD p(t) = e M)/ hexp
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e Car Following :

double Perception::computeTaskDemandCarFollowing(const A2KModel& a2KModel, const veh* pVarVeh,
const veh* leader, double shiftleader )

// Compute gap considering vehicle attributes

double gap = CarFollowingBase::getGap( a2KModel, pVarVeh, 0, leader, shiftleader ) -
CarFollowingBase::getMinDistInterVeh( pVarVeh, leader );

//Compute Headway considering current vehicle speed

double Headway = gap / pVarVeh->VelActual;

taskDemand = exp( -Headway / pVarVeh->hexp );

e Signal Brake Lights:

double Perception::computeTaskDemandSignal( const A2ZKModel& a2KModel, const veh* pVarVeh, const veh*
leader, double shiftleader )

double dMin =-0.5; // m.s-2
if ( leader->VelActual < leader->VelAnterior[0] + dMin * a2KModel.Ciclo ) // Braking Light

// Compute gap considering vehicle attributes
double gap = CarFollowingBase::getGap( a2KModel, pVarVeh, 0, leader, shiftleader ) -
CarFollowingBase::getMinDistInterVeh( pVarVeh, leader );

taskDemand = 1. - gap / pVarVeh->maxLookaheadDistance;

e Traffic Lights: TDy = E—fi,f'.'!ex;n

double Headway = Distance2TrafficLight / Vehicle->VelActual;

double taskDemandTrafficLight = exp( -Headway / Vehicle->hexp );

e  Back channel:
e  Social Pressure: TD,=p-o

double gap = CarFollowingBase::getGap(a2KModel,follower,shiftfoll,leader,shiftleader)-
CarFollowingBase::getMinDistInterVeh(follower,leader);

if ( follower->VelocMediaDeseadaEnt > leader->VelActual && gap < follower->maxLookaheadDistance )

double rho = 1. - exp( -( follower->VelocMediaDeseadaEnt - leader->VelActual) / follower->vGain * ( 1. - gap /
follower->maxLookaheadDistance ) );

taskDemand = pVarVeh->sensitivityLevel4SpeedOfOthers * rho;

e  Right/Left channel:

. ' ' Si
e Cooperation: TDE,pp = max (dj.—‘* (1 — r_"))
I Xo

double Perception::computeTaskDemandCooperation( const A2KModel& a2KModel, const veh* pVarVeh,
const veh* leader, double shiftleader )

// Compute gap considering vehicle attributes
double gap = CarFollowingBase::getGap( a2KModel, pVarVeh, 0, leader, shiftleader ) -
CarFollowingBase::getMinDistInterVeh( pVarVeh, leader );

double taskDemand = 1. - gap / pVarVeh->maxLookaheadDistance;

) S;
e  Signal indicator: TDsic = TDsyg - m}ax (1 - _;)

Xo
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If TDsig =1, same as cooperation in Aimsun

TD, . = 0,d
e Lane Change desire: ! 2ic = max(0.d)

Lane Change desire is 0 or 1. desire is 1 when there is a lane changing motivation (compulsory or discretionary)
and traffic condition is acceptable in objective lane (discretionary).

1.2.2.5. Social Pressure Model

The social pressure model is structured into three functional modules that influence lane-changing
behaviour based on perceived pressure from surrounding vehicles:

e Get out of the way: This module introduces a new internal lane-changing motivation:
LCMotivation::eRecoverSocialPressure.
It prompts vehicles to move to slower lanes when experiencing pressure from faster followers,
in accordance with road rules. To avoid conflicting behaviours, undertaking is restricted to
scenarios of severe traffic congestion.

7 Yij

Figure 2. Schema of get out of way.

C++ Implementation:
bool LaneChangingBase::getRecoverSocialPressure( const veh* pVarVeh )
{

double desire = 0;

double Vcrit = 60.0 / 3.6; //60kmhr

if( pvarVeh->VelActual > Vcrit ) {

desire = pVarVeh->sensitivityLevel4SpeedOfOthers * pVarVeh->vehStateAround-
>getSocialPressureReceived();

}

return ( desire > pVarVeh->vehStateAround->getSocialPressureExerted() );

e Stay out of the way: This module evaluates future social pressure—both received and
exerted—during gap acceptance with upstream and downstream vehicles in the target
lane.

If the anticipated pressure is likely to trigger a lane change, the traffic conditions are
considered unsuitable for a safe manoeuvre.
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Figure 3. Schema of stay out of way.

e Increase desired Speed:

This module increases the vehicle’s desired speed based on the social pressure
received from a follower.

C++ Implementation:

double AdditionalSpeed = pVarVeh->sensitivityLevel4SpeedOfOthers * pVarVeh->vehStateAround-
>getSocialPressureReceived() * pVarVeh->vGain;

double SpeedMax = std::min( pVarVeh->VelocMediaDeseadaVeh, desiredSpeed + AdditionalSpeed );

potentialMaxSpeed = getAccelerationComponentinGippsModel( a2KModel, pVarVeh, pVarVeh->VelActual,
SpeedMax, vehStateAround.getRestoCiclo() );

The social pressure variables of the vehicle can be retrieved via API with the following function:

AKIVehTrackedGetDynamiclnfi4DrivingParams
H#iHt#H In C++ and Python
H#i#H#H# Explanation
Read the variables of the tracked vehicle related to Social Pressure. Only available in the Auto Version.
Hit### Format
InfVehi4DrivingParams AKIVehTrackedGetDynamiclnfi4DrivingParams( int aidVeh )
#it### Parameters
- *aidVeh*: Tracked vehicle identifier.
HH####H Output:

struct InfVehi4DrivingParams {

int report;

int idVeh;

bool laneChangingMotivationSocialPressure;
double socialPressureReceived;
double socialPressureExerted;
b

where:

**pParameters common to all simulated vehicles:**

- *report*: Error code returned (0 means success).

- *idVeh*: The simulated vehicle's ID.

**Model Parameters:**
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- *laneChangingMotivationSocialPressure*: whether the vehicle's currently desires to change lane under Social
Pressure from its follower.

- *socialPressureReceived*: The value of the social Pressure received for its follower.

- *socialPressureExerted™: The value of the social Pressure exerted onto its leader.

1.2.2.6. Perception & behaviour adaptation

1. Behaviour adaptation
e increasing the desired headway: It evaluates a new reaction Time RT*
RT*=RT -max(1+ BT - (TS-1),1)
Where:
BT is the vehicle’s parameter: betaHeadway
TS is the vehicle’s oversaturation factor
RT is the vehicle’s Reaction Time

The increased desired headway is applied during the deceleration phase of the car-
following speed computation, specifically within the getTimeGap function. It is
recalculated at every instance where the deceleration component is evaluated.

Note: In Gipps the headway (s) is directly proportional to the reaction time RT when
all vehicles have the same normal decelerations. The standard deviation of the
normal deceleration within a vehicle type as well as the difference in normal
deceleration between vehicle types should be kept small.

e reducing the desired speed: it evaluates a new desired speed (v**)
v* =¥ max(l+ Bv - (TS-1),1)
Where:
Bv is the vehicle’s parameter: betaSpeed
TS is the vehicle’s oversaturation factor
V* is the vehicle’s desired speed

The reduced desired speed is applied during the acceleration phase of the car-
following speed computation, specifically within the getCarFollowingSpeed function. It
is recalculated each time the acceleration component is evaluated.

e reducing the desire to discretionary change lane: d = d’/ max(1 + gd - (TS - 1), 1) Not
implemented

2. Perception quality

o distortion of the space headway perception:
error factor ¢ = pow(max(TsS, 1),1)
Where:

| is the vehicle’s parameter: lamda
TS is the vehicle’s oversaturation factor

The altered space headway is computed within the getGap function and is applied
across all behavioural components that rely on inter-vehicular distance, including car-
following and gap acceptance models.
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o distortion of the speed difference perception: Not implemented
Note: Gipps does not use the speed difference. It is possible to implement a factor
applied to the full speed of the other vehicle as in the intersection conflicts case

3. Perception delay (implemented for car following leaders in current and side lanes)

o speed delay: the speed of the car following leader is taken as the value it had in the past.
If the perception delay is smaller than the simulation step, no alteration is observed. The
pseudo code is the following:

int n = floor( perceptionDelay / simulationStep );
iftn>0){

speedP = speed(t - nDt);
telsef

speedP = speed(t);

}

e position delay: the position of the car following leader is computed as if the vehicle had
kept the same speed since the beginning of the delay. The pseudo code is the following:

int n = floor( perceptionDelay / simulationStep );
iftn>0){

PositionP = x(t - nDt)+ speedP*( nDf) ;
Jelse{

PositionP = x(t);
}

1.2.2.7. Aimsun Next User Interface

This model has been implemented in Aimsun 26 Auto and its activation is setting a new Experiment
Variable and change to “YES” (see Figure 4)

o

Main Behavior Reaction Time Arrivals Dynamic Traffic Assignment Variables Policies Attributes

Variable Value Mew

$i4Driving YES Delete

Figure 4. Experiment variable for setting 14Driving model.

Parameters setting:

e via GUI: uniform distributions parameters available as Vehicle type Attributes. The list of
parameters is depicted in the following figure:
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! 0 Vehicle Type: 154, Name: Car {b2f918e7-df06-4208-2a00-8ba5dcc08514} ? X

Main Dynamic Models Microscopic Model Static Models Attributes VZX 0BU Usage NCB

HName Value Hote
4Driving_betaHeadway_Max 1
i4Driving_betaHeadway_Min 1
i4Driving_betaSpeed_Max 1
i4Driving_betaSpeed_Min 1
4Driving_hexp_Max 4
i4Driving_hexp_Min 4
i4Driving_lambda_Max 1
‘ 4Driving_lambda_Min -1
M4Driving_MaxLookaheadDistance_Max 295
i4Driving_MaxLookaheadDistance_Min 295
i4Driving_SensitivityLevel4SpeedOfOthers_Max 1
4Driving_SensitivityLevel4SpeedOfothers_Min 1
i4Driving_taskCapacity_Max 1
i4Driving_taskCapacity_Min 1
| 4Driving_tauMax_Max 2 |
MDriving_tauMax_Min 1 |
i4Driving_vGain_Max 5
i4Driving_vGain_Min 5 |
Help Cancel

Figure 5. ihDriving vehicle Type parameters.

e  viascript: uniform distributions parameters available as GKVehicle columns. For example GKVehicle
::i4Driving_sensitivityLevel4SpeedOfOthersMinAtt

e via API: set and read vehicle’s parameters using the functions
AKIVehTrackedSetStaticInfi4DrivingParams and AKIVehTrackedGetStaticInfi4DrivingParams

struct StaticInfVehi4DrivingParams {
int report;

int idVeh;

double sensitivityLevel4SpeedOfOthers;//Sensitivity level for speed of others
double vGain;//Sensitivity towards own speed, as speed gain for full lane-change desire

double maxLookaheadDistance;

double hexp;//Slope of exponential decay of task demand for increasing time headway
double betaHeadway;//Factor on task over-saturation for headway
double betaSpeed;//Factor on task over-saturation for speed
double taskCapacity;//Task Capacity
double lambda; //Perception quality
double tauMax; //Perception delay
Iy
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1.2.3. Aimsun Next Calibration Pipeline implementation

The automatic calibration pipeline based on trajectory data involves applying an optimization
algorithm that adjusts the parameters of the ego vehicle so as to reproduce the observed trajectory,
while constraining the surrounding vehicles to follow their empirically observed trajectories.

This calibration pipeline is structured into three main modules: (i) the optimization module, which
defines and solves the parameter adjustment problem; (ii) the input—output generation and
extraction module, responsible for preparing the necessary trajectory data and processing the
simulation results; and (iii) the trajectory simulation model, which provides the computational
environment in which the ego and surrounding vehicles’ dynamics are reproduced.

1.2.3.1. Optimization Module

The optimization model is implemented using a genetic algorithm through the Python library PyGAD
(Python Genetic Algorithm). (https://pygad.readthedocs.io/en/latest/#).

The main building blocks of a Genetic Algorithm are:

o Initialization: Generation of an initial population of candidate solutions (individuals), usually at
random or through heuristics.

e Evaluation (fitness function): Everyone is assessed by a fitness function that measures its
quality with respect to the optimization objective.

e Selection: A subset of individuals is chosen, favoring those with higher fitness, to serve as
parents for the next generation.

e Crossover (recombination): Parents are combined to produce offspring, allowing potentially
advantageous traits to be inherited.

e Mutation: Random alterations are introduced into some individuals to preserve diversity and
reduce the risk of premature convergence.

o Replacement (population update): The new offspring replace part or all of the previous
population, completing the cycle.

e Stopping criterion: The algorithm terminates when a predefined condition is met, such as
reaching a maximum number of generations, convergence of the population, or a satisfactory
fithess level.

The customization of the genetic algorithm for implementing the calibration pipeline impacts both
the initialization and evaluation stages (Annex | contains the source code).

The initialization submodule reads the list of parameters to be calibrated from a CSV file
named DynamicParametersDatabase.csv, which contains the following columns:

e number: internal identifier for enumerating all parameters.

e priority: priority level of the parameter.

e name: name of the parameter.

e description: detailed description of the parameter.

¢ internal name: internal identifier of the parameter within the Aimsun Next data model.
e unit: measurement units of the parameter.

e type: data type of the parameter (int, bool, float).

o default value: initial value assigned to the parameter.

e deviation: deviation applied to the parameter’s distribution.

e lower bound: lower limit of the parameter.

e upper bound: upper limit of the parameter.

o distribution: type of distribution applied to the parameter.

e model: model level of the parameter: micro, meso, or macro.
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e submodel: behavioural submodel associated with the parameter, e.g.,, CarFollowing,
LaneChanging, GapAcceptance, Route Choice.

e object: type of object to which the parameter applies, e.g., Vehicle Type, Road Type.

e select: indicates whether the parameter is a candidate for calibration.

e alwaysactive: 1 if the parameter is always considered in calibration, 0 otherwise.

e notes: additional comments provided by the modeler.

e specificObject: ID of the object that contains the parameter.

The CSV file is read such that, for each specificObject, its internal name and a range of potential
values—defined by defaultvalue-deviation, defaultvalue+deviation—are assigned.

An example of this CSV file is shown below (some columns have been omitted for clarity):

numb |name internal name uni |typ |defau |deviatio |sub selec | specifi
er t |e |It n model |t c
value Objec
t
1 Clearance | GKVehicle::minDistMean m |floa|1 0.5 Car- 1 444
t Followi
ng
2 Reaction |GKVehicleReactionTimes::reactio |sec |floa [0.8 0.2 Car- 1 444
Time nTime t Followi
ng
3 Speed GKVehicle::speed AcceptanceMea floa |1 0.2 Car- 1 444
Limit n t Followi
Acceptan ng
ce

In this example, the optimization module will calibrate vehicle trajectories by adjusting the parameters
of the ego vehicle (defined as Vehicle Type with ID = 444):

e Clearance, using the range from 0.5 to 1.5.
¢ Reaction Time, using the range from 0.6 to 1.0.
e Speed Limit Acceptance, using the range from 0.8 to 1.2.

The evaluation submodule consists of three main components:

o Parameter assignment: For each parameter, a value is set according to genetic algorithm
operations such as mutation and crossover. This step generates a JSON file in which each
parameter is assigned a value to be simulated. An example of such a file is shown below:
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"id": 0,
"name": "ConfigDB",

"description": "Configuration Database sample",

"meta": [
{
"author": "Jordi Casas"
}
1,
"settings": [
{
"object": "444",

"attributes": [

{

"name": "GKVehicle::minDistMean",

"value": 1.33

"name": "GKVehicleReactionTimes::reactionTime",
"value": 0.81

}I

"name": "GKVebhicle::speedAcceptanceMean",

"value": 1.11

}

e Scenario simulation: Executes the simulation of a given scenario by running the simulation.py
script
o Fitness evaluation: Reads the resulting fitness function from the simulation output.

1.2.3.2. Input—Output generation and extraction module

This module (simulation.py, source code in Annex Il) reads the values of each parameter to be assigned
to the ego vehicle, executes the simulation, and generates a text file, “KPI.txt”, containing the goodness-
of-fit metrics of the simulation.

30



1.2.3.3. Trajectory Simulation Model

The trajectory simulation model uses Aimsun Next software with the following requirements:

Define two vehicle types:

e Ego Vehicle: all parameters are set with a deviation of 0. This ensures that, in each
simulation, the parameter values assigned to the ego vehicle correspond exactly to those
set by the optimization module, ignoring the default normal distribution applied during
vehicle generation.

e Surrounding Vehicles: parameters are set to reproduce their actual characteristics.

Define a traffic demand including the two vehicle types mentioned above, with a total number

of trips set to 0.

Define a scenario in which the Aimsun Next API (trajectorySetUp.py, source code available in

Annex Ill) is used to read the trajectory file. The API sets the initial position and speed of all

vehicles, and at each simulation step, updates their position and speed according to the

trajectory data.
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2 Direct Estimation

2.1 Overview

In this section we describe how the experimental data is used for direct calibration of the fundamental

diagrams of task demand.

2.1.1. Tasks considered

A total of 8 tasks were considered and calibrated using experimental data, which are car-following,
conflict, cooperation, lane change, scan, socio pressure, pedestrian walking and NDRT (Non-driving
related task), the tasks’ descriptions and corresponding data utilized are shown in Table 2.

Table 2. Task and calibration data overview.

Task

Task description

Calibration data

Car-Following

Car following mainly concerns
interactions between two vehicles driving
on the same lane while one is following
the other

Motorway

Conflict

The participant is driving crossing
unsignalized intersections where the
trajectories of cyclist, merging cars, or
crossing cars intersect

Urban

Cooperation

The cooperation subtask refers to the
participant’s effort to accommodate
merging traffic on the motorway. For
example, an on-ramp vehicle intending to
cut in ahead.

Motorway

Lane Change

The participant performs lane changes
on a mutiple lane motorway, assessing
leaders and followers in the target lane,
accepting a safe gap, and completing the
lateral manoeuvre.

Motorway

Scan

The participant continuously engages in
monitoring the road around, checking
mirrors and instruments, in uncongested
motorway driving.

Motorway

Socio pressure

The participant is tailgated (tightly
followed) by a following car, where there
could be adjacent cars

Motorway

Pedestrian Walking

The participant is approaching a zebra
crossing with and without moving
forward, staying put or moving away
pedestrians

Urban

NDRT

During driving, the participant decides
whether two presented stick figures are
the same or different using buttons on
the steering wheel.

Motorway and urban
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Figure 6. Examples of same (left) and different (right) trials for the Rotated Figures Tasks.

2.1.2. Workload measurements
2.1.2.1. Motorway data

This subsection describes the workload signals used for all motorway subtasks, how they were acquired
and aligned to the simulator timeline, and how the continuous effort scale was constructed from the
underlying psychophysiology. The same dataset and processing pipeline were applied to all motorway
analyses, so no distinction is made between subtasks here. Two modalities were recorded, namely eye
tracking and a wearable electroencephalography workload proxy. All channels were time stamped on
the simulator clock to allow frame accurate fusion with vehicle kinematics and context. Eye tracking
was collected with the ETVision system by Argus Science. Electroencephalography was acquired with
a Mindtooth wearable headset. Device sampling and the derived fields on the simulator time base follow
the data specification in the paper from which this section is drawn.

Electroencephalography was recorded with a Mindtooth Touch headset in an anterior and parietal
montage with eight active channels over frontal and parietal areas, namely AFz, AF3, AF4, AF7, AFS8,
Pz, P3 and P4, together with mastoid reference and ground. The device supports one hundred and
twenty five, two hundred and fifty, and five hundred hertz sampling. For the motorway dataset, streams
were aligned to the simulator time base and downsampled to twenty hertz for analysis. The workload
index was computed as a ratio of spectral power in two canonical bands. Theta power was averaged
over the frontal channels AFz, AF3 and AF4. Alpha power was averaged over the parietal channels Pz,
P3 and P4.

Frontal Theta: Og(t) = [Py(AFzt) + Py(AF3,t) + Py(AF4,1)]/3 (1)
Parietal Alpha: Ap(t) = [P,(Pz,t) + P,(P3,t) + P,(P4,t)]/3 (2)
EEG workload ratio: MWL,y = Op(t)/Ap(t)  (3)

N
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Figure 7. Positions of the electroencephalography sensors.

Eye tracking was recorded with the ETVision system at one hundred and eighty hertz at the device
level. Before each session, the ETVision software auto calibration was performed by asking the
participant to fixate the centre of the target pattern until the software detected a steady gaze and
completed a single point calibration. Post processing used ETAnalysis to define areas of interest and
to interpolate across short losses of signal due to blinks or brief dropouts. Three eye based proxies of
workload were derived on the simulator timeline. First, pupil diameter was normalised by min to max
scaling to yield a zero to one series. Second, gaze variability was computed as the two second sliding
standard deviation of the gaze magnitude, defined as the square root of heading squared plus pitch
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squared, and then scaled to zero to one. Third, eyelid opening was computed as the normalised
distance between upper and lower lids and likewise scaled to zero to one.

Gaze magnitude: g(t) = \/heading(t)z + pitch(t)? (4)
Gaze variability (two second window): GV(t) = SD{—p{ g(D)} (5)
Min—max scaling within session: Xg.aeq(t) = [ x(t) — min(x)]/[ max(x) — min(x)] (6)

All device outputs were synchronised with the simulator through markers issued on the simulator host
and logged by each system. The raw eye tracker and electroencephalography streams were aligned to
the simulator clock and resampled to twenty hertz so that every physiological sample could be paired
one to one with vehicle kinematics, spacing indicators and context flags. Unless otherwise specified,
analyses use signals on this common twenty hertz timeline. The vehicle subsystem provided ego and
surrounding vehicle trajectories and identifiers, from which gap, relative speed, time headway and time
to collision were computed frame by frame. It also provided control inputs and discrete events together
with scenario flags such as motorway or urban, day or night, and the presence of a non driving task.
These fields are used downstream to define valid analysis windows and to stratify by context where
required.

The dependent variable for all motorway calibrations is a continuous effort label scaled between 0 and
1. The label is obtained by fusing four proxies on the simulator timeline, namely the min to max scaled
pupil diameter, the min to max scaled gaze variability, the scaled eyelid opening and the
electroencephalography workload proxy. Fusion proceeds by computing an independent component
analysis across the four channels and then applying a fixed weight vector to obtain a single component
score, with weights equal to 0.0538, 0.0991, 0.0100 and 0.8580 for pupil, gaze variability, eyelid and
electroencephalography respectively. The resulting composite is then min to max scaled within each
driver session so that zero corresponds to the within session minimum and one corresponds to the
within session maximum. The final series is delivered at twenty hertz on the simulator clock and is used
as the target for all motorway task demand fits.

ICA fusion: Effort,,(t) = c¢; - Pupilgeaieq(t) + ¢, - GazeVarg gieq(t) + c3 - Eyelidgeaieq (t) + ¢4 -
EEGscaled(t) (7)

Weights: ¢ = [0.0538,0.0991,0.0100, 0.8580] (8)

Session scaling: Effortgyeq(t) = [Effortraw(t) - min(EffortraW)]/[maX(Effortraw) — min(Effort,,,)]

)
Table 3. Psychophysiological channels on the simulator timeline.
Modality Field Type Range Notes
Eye tracking pupil_diameter_scaled Derived Otol Min to max scaled pupil
diameter
Eye tracking gaze_variability_scaledDerived Oto1l Min to max scaled gaze

magnitude with a two
second sliding window

Eye tracking eyelid_scaled Derived Oto1l Scaled distance
between upper and
lower eyelids

EEG eeg_workload_scaled Derived Oto1l Electroencephalography

based workload proxy
on the simulator clock

Composite effort_scaled Derived Otol Independent component
analysis fusion with
fixed weights

2.1.2.2. Urban data
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A continuous effort metric was obtained based on the workload proxy data, which include heart rate,
pupil size, gaze entropy collected at the VTI DSE. Here are procedures that show how VTI processes
workload proxy data and how they calculate the final workload measurement.

Preprocessing: results in signals representing heart rate, heart rate variability, blink duration, and gaze
variability, all sampled at 50 Hz and time synchronized with the simulator data.

Heartrate:

Automatically detect heart beats (R-peaks) from the ECG according to Moeyersons et al. (2019).
Manually correct the automatically derived R-peak detections according to (Moeyersons et al., 2020).
Calculate heart rate in beats per minute as 60 divided by the RR-intervals

Smooth the heart rate signal (which is irregularly sampled per heartbeat) with a 25-point moving
average filter that also interpolates missing values.

Normalize the resulting signal by subtracting the mean and dividing by the typical heart rate change
range (40 bpm).

Upsample heart rate to 50 Hz with nearest neighbour interpolation. This is done to match the simulator
and eye tracking data.

If you get heart rate directly from your sensor steps 1 and 2 can be skipped.

Pupil diameter:
Pupil diameter (mm) is readily available from the eye tracker in the Varjo headset.

Blinks and other large amplitude artifacts are set to missing values. This is done by calculating a very
smoothed version of the pupil diameter signal (honcausal moving median in 60-second window) and
setting all pupil diameter samples greater than the smoothed version + 1 or lower than the smoothed
version - 1 as missing.

The artifact corrected pupil diameter signal is then smoothed with a 10-second moving average filter
that also interpolates missing values.

Normalize the resulting signal by subtracting the mean and dividing by the typical pupil diameter range
(2 mm).

Gaze entropy (Shiferaw et al., 2019):

Gaze heading and pitch (degrees) in a world coordinate system is readily available from the eye tracker
in the Varjo headset.

Calculate normalised stationary gaze entropy as outlined in this example on github. Do this in a 10-
second-wide sliding window. | implemented it via a 2D histogram with a range from -100 to 100 deg
(matching s in the example) and 10x10 deg bin size (matching sby in the example).

Depending on the sliding window implementation, resample the output to 50 Hz with nearest neighbour
interpolation. This is done to match the simulator and eye tracking data.

Normalize the resulting signal by subtracting the mean. There is no need to divide by the typical range
as scaling was done in step ii.

Finaly, fuse heart rate, pupil diameter and gaze entropy into one continuous measure of workload (or
effort). The ICA approach was applied at first, but it didn’t converge (at least on this dataset), and the
simple averaging (i.e. same weight to all three workload proxies) works well.
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2.1.3. Calibration method

Full task-specific procedures and equations are provided in Sections 2.2 and 2.3, where the motorway
and urban tasks are described in detail.

2.2 Motorway scenarios

Car following, Cooperation, Lane change, Scan, Socio pressure and NDRT tasks were investigated in
motorway scenarios, and their fundamental diagram of task demand (FDTD) were calibrated. In the
following are the functional forms, parameters of functions and calibration methods of different tasks.

2.2.1. Car following
2.2.1.1. Task demand diagram for car following

Car following demand is modelled as a monotone function of time headway because headway captures
the available time margin for regulation of longitudinal control. The dependence is assumed to have a
simple one parameter form so that the function is interpretable and portable across drivers and contexts.
Time headway is chosen as the primary predictor rather than distance or time to collision because it
embeds speed and spacing into a single time-based margin and it showed the clearest inverse
association with effort in the recorded data.

The fundamental diagram is written as an exponential decay in headway. The model states that the
instantaneous task demand equals the exponential of the negative of headway divided by a positive
scale parameter. This captures high effort at very short headways and a rapid reduction as the headway
increases, together with a taper to a low floor at large headways. A linear decay in headway is retained
as a competing one parameter form that is used only for validation of shape selection.

Exponential form: TD¢r = exp(—h/h,), hy, > 0 (10)
Linear form:  TD¢pjn =1+ k-h, k<0 (12)
Effort range: 0 <TDeg <1 (12)

2.2.1.2. Data processing and scenario extraction

All signals are aligned to the simulator clock at 20Hz so that every effort sample has an exact
corresponding headway value. The dependent variable is the effort label scaled between 0 and 1 which
is constructed on the simulator timeline by fusing min to max scaled pupil diameter, min to max scaled
gaze variability, a scaled eyelid opening signal and an electroencephalography based workload proxy
through independent component analysis with fixed weights. The fusion output is then min to max
scaled within each driver session to yield the effort series used for calibration.

Scenario extraction identifies valid car following windows from the simulator logs. Only in lane following
is retained. Lane changes are removed. Frames with missing values in any of the required fields are
excluded. The headway series is restricted to a plausible range, and the net gap is constrained to
realistic bounds. Absolute lateral offset remains small so that the ego truly follows the leader in the
same lane. Extreme spikes within spacing indicators are clipped within the driver session using a
conservative trimming rule and then lightly smoothed with a short moving average to reduce artefacts
while preserving temporal structure. Continuous windows shorter than a minimum duration are dropped.
Short valid windows separated by only brief interruptions can be merged to obtain segments that meet
the minimum duration requirement.

Spacing and kinematic variables used for selection and later diagnostics include time headway in
seconds, net gap in metres, relative speed defined as ego speed minus leader speed and time to
collision in seconds. When both raw trajectories and derived indicators are available, the provided
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indicators for time headway and time to collision are used for consistency with the recorded data
specification.

Table 4. Selection rules for valid car following samples.

Criterion Rule

Completeness No missing values in gap, ego speed, leader

speed, time headway, time to collision and effort

Spacing bounds Keep plausible spacings with net gap smaller
than 150 m and exclude explicit tailgating when

flagged

Absolute lateral offset below 1 m so that ego
and leader are in the same lane

In lane following

Headway range Headway between 0.5 sand 10 s

Segment length Retain continuous car following segments at
least 5 s long and merge adjacent segments

when the interruption is shorter than 2 s

Outlier handling Clip extreme spikes per session using

conservative trimming and apply a moving
average of about 0.5 s for light smoothing

Table 5. Signals and derived variables used for calibration.

Units
Oto1l

Variable Definition Source Notes

Effort Composite label
from ICA fusion of
four proxies then
min to max scaled

within session

Psychophysiology Target for model
fitting at 20 Hz

Time headway Gap divided by egos
speed when
positive else

provided indicator

Simulator indicator Primary predictor

Gap Net longitudinal m Simulator Used for selection
distance to leader trajectories and diagnostics

Relative speed Ego speed minus m/s Simulator Used for stability
leader speed trajectories checks

Time to collision Time until collision s
if relative speed is

Simulator indicator Used for
robustness only

closing

2.2.1.3. Model calibration

Calibration proceeds per driver session on the uniformly pre-processed timeline. Two one parameter
forms are considered. The exponential form with a positive scale h, and the linear form with a negative
slope k. For each session the parameter of each form is estimated by grid search over a dense bounded
set of candidate values. The objective is the root mean square error between predicted demand and
observed effort across all valid car following samples in the session. The parameter that minimises the
objective is retained.

Because both candidate forms have one free parameter, the information criterion simplifies and is used
only as a secondary confirmation of the preferred shape. The exponential form is adopted as the
baseline descriptor if both the error objective and the information criterion prefer it. Otherwise, the linear
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form is retained for that session. The same protocol and bounds are applied to all sessions so that the
resulting parameters can be compared in later analysis without methodological confounds.

Pre-fitting checks confirm that effort and time headway have the expected negative association within
the session when measured by a simple Pearson correlation on the valid samples. Post-fitting
diagnostics evaluate monotonicity and residual structure across bins of headway. Optional sensitivity
checks can repeat the calibration after mild adjustments of the selection bounds or the smoothing
window to verify stability. If strong weighting by headway regions is needed, for instance to avoid over
representation of long headways, the objective can be computed on headway bins with equal weight.
In the default procedure an unweighted objective is used.

RMSE(ho) = /{(1/N) - L Effort(t) — exp( — THW(Dho)]2} (13)

RMSE(k) = J{ (1/N) - 5[ Effort(t) — (1 + k - THW(D)]’} (14)

AIC = N-In(RSS/N) + 2 - p withp =1 (15)
2.2.1.4. Assessment and diagnostics

Assessment focuses on internal validity and robustness. The first line of assessment is a direction check
which confirms that the fitted relationship between effort and headway decreases over the working
range of headway. The second line of assessment is residual analysis. Residuals are binned by
headway and inspected for centring and for absence of systematic trends. The third line of assessment
is model comparison. Both the error objective and the information criterion should agree on the
preferred form for the majority of sessions. Any discordant cases are reviewed and documented.

Further robustness checks include repeating the fitting after minor variations in the selection thresholds
for gap and headway, and after small changes in the smoothing window. Stability of the fitted parameter
across these variants supports the reliability of the calibration pipeline. Where appropriate, per session
fitted curves can be pooled for documentation to illustrate the range of behaviours without reporting
numerical outcomes. Pooled curves are not used to calibrate parameters and serve only as qualitative
visual checks.

The assessment does not introduce any additional modelling assumptions beyond those stated above.
It therefore preserves the interpretability of the single parameter exponential model while providing
objective evidence that the fitted diagrams are consistent with the data selection and with the definition
of the effort label.

Table 6. Exponential fit vs. linear fit for effort-THW (per profile).

Summary metric Value

Profiles fitted 64

Winner by AIC Exponential (64/64)
Profiles with AAIC > 10 64/64

Mean RMSE (linear) 0.250

Mean RMSE (exponential) 0.196

Mean ARMSE (lin—exp) 0.055

Median hg (S) 3.83

IQR hy (s) [2.26, 5.25]

Notes: AAIC = AICjin — AICexp > 0 favours exponential. Conventional rules of thumb: [AAIC| < 2 negligible, 4—
10 moderate, > 10 strong.
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THW vs Effort curve fitting (page 2/2)
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Figure 8. Per-profile fits of Effort versus THW. Dots: samples; solid: exponential exp(—h/ho); dashed:

linear 1+ kh. The exponential form tracks the rapid drop at short headways better across drivers.
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2.2.2. Cooperation
2.2.2.1. Task demand diagram for cooperation

Cooperation refers to the driver effort required to accommodate a vehicle that intends to enter the ego
lane on a motorway. In this study the scene is restricted to a single merging interaction in which the ego
vehicle travels through the merging area while one vehicle approaches from the on ramp ahead and
moves into the ego lane. By design the lane change desire of the merging vehicle is treated as equal
to 1 throughout the analysis window, so the intention term is constant, and the fundamental diagram
reduces to a distance driven form for that single vehicle. The instantaneous cooperation demand equals
the distance discount evaluated at the current longitudinal separation, which increases as the gap
closes and approaches unity at very short distances, so distant vehicles contribute negligibly while a
close cut in produces a high demand. Under this simplification the calibration becomes a one parameter
problem in which the only quantity to estimate is the long look ahead scale x, that governs how quickly
the distance discount grows with proximity.

TDoop (t) = S(t;x0) = max{0,1 —x, /s(t)} (16)

Here s(t) is the longitudinal separation between the ego vehicle and the merging vehicle that comes
from the on-ramp ahead, and x, is the long look-ahead scale that controls how quickly demand rises
as the gap closes and approaches unity at very short distances. Because the desire term is identically
one and there is only one merging vehicle, no maximisation over adjacent leaders is needed and there
is no gating by indicators in the formula. Calibration therefore becomes a one-parameter problem that
estimates x, from the effort data, optionally starting from the lane model’s look-ahead value as an initial
reference.

2.2.2.2. Data processing and scenario extraction

All channels are aligned to the simulator clock at 20 Hz so that cooperation inputs match the effort label
and the kinematic context sample by sample. The effort label is the dependent variable and is
constructed on the simulator timeline by fusing min to max scaled pupil diameter, min to max scaled
gaze variability, a scaled eyelid opening signal and an electroencephalography based workload proxy
through independent component analysis with fixed weights. The composite is then min to max scaled
within each driver session to define a unit interval scale. Scenario extraction targets on ramp merges
on a two-lane motorway under uncongested traffic. A window is flagged when the ego travels on the
right lane, a right adjacent vehicle exists ahead on the on-ramp, and that vehicle becomes the ego
leader in the next frame. Windows are centred at the crossing time when the adjacent vehicle enters
the ego lane and are extended by fixed margins before and after to cover the rise and fall of cooperative
effort. Frames with missing identifiers, speeds or distances are removed. Extreme spikes in spacing
are trimmed within session and a short moving average of about half a second is used to reduce
artefacts while preserving the event profile.

Table 7. Selection rules for single merge windows.

Criterion Rule

Scenario Uncongested two-lane motorway with a merging
area present

Lane position Ego on the right lane before and during the
merge

Single vehicle Exactly one adjacent vehicle on the right
approach considered

Pre merge distance Adjacent vehicle ahead within 300 m prior to
merge

Identity transition Ego lane leader at next frame equals the right

adjacent vehicle at current frame
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Data quality No missing identifiers, speeds or distances in
the window

Outlier handling Trim extreme spikes and apply short smoothing
to spacing

2.2.2.3. Model calibration

With one merging vehicle and lane change desire equal to one the cooperation diagram reduces to a
distance-based form with one parameter only. Let s(t) be the longitudinal separation between the ego
and the merging vehicle. The predicted cooperation demand equals a distance discount that grows as
the gap closes and is truncated at O for large distances. Calibration estimates the long look ahead scale
x, by grid search on the extracted windows using the effort label as target. A practical band around the
lane model reference value serves as the search range. For each candidate the root mean square error
between the predicted series and the observed effort is computed and the minimiser is retained. If a
secondary check is desired, the information criterion is obtained from the residual sum of squares with
parameter count equal to 1.

Table 8. Signals and variables for cooperation calibration.

Variable Definition Units Source Notes

Effort Composite label 0to1 Psychophysiology Target at 20 Hz
from independent
component

analysis fusion
then min to max

scaled within
session

s(t) Longitudinal m Simulator Positive when the
distance to the trajectories merging vehicle is
single merging ahead
vehicle

Xo Long look ahead m Lane model Only parameter to
distance that sets reference estimate

the discount range

2.2.2.4. Assessment and diagnostics

Assessment checks that predicted demand rises as separation decreases and peaks around the cut in
while remaining near 0 when the merging vehicle is far away. Residuals are binned by distance and by
time relative to the merge to confirm centring and the absence of systematic bias across the window.
Sensitivity analysis varies the distance threshold used to seed windows and the smoothing window
used for spacing, and refits the model to confirm stability of the selected parameter. As a qualitative
consistency check, the maximum predicted demand in a window should not exceed the driver’s overall
maximum effort and should occur near the most constrained part of the merge. If a secondary task is
present, matched windows are used so that any elevation of baseline effort does not confound the
estimation.

2.2.3. Lane change

The scenario is designed to analyse maximum desired speed, lane-changing cooperation at the
motorway, and the response (with honk) occurring behind the ego vehicle.
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2.2.3.1. Task demand diagram for lane change

The lane-changing task demand is assumed to be proportionate to the driver’s desire for a lane change.
Task demand is expected to peak during the moments immediately before and during the lane change
manoeuvre.

We cannot calibrate this task demand with the current data but only verify it. Specifically, we verify
whether the maximum effort observed just prior to a lane change is approximately equal to the overall
maximum effort observed for each individual:

TD;. o« max (0,d(t)) (17)

d(t)

where is the lane change desire (binary in selected scenarios).

2.2.3.2. Scenario extraction and processing

Lane-change events are extracted by filtering trajectories where:

e The road contains two lanes (to avoid merging complexity in three-lane situations).
e Janes_active changes from right — left (typically overtaking or speed-oriented) or left — right
(typically yielding or preparing for exit).
Data processing steps:

1) Extract ego lane-change intervals by detecting changes in lanes_active.

2) Compute preceding effort values in a fixed window before lane-change onset (e.g., 5-10s).
3) Compare per-driver maximum effort during lane change vs. maximum effort across all tasks.
4) Stratify results by lane change type (right-to-left vs. left-to-right).

2.2.3.3. Assessment and diagnostics
The verification procedure consists of:

all
e Extracting each driver’s overall maximum effort ( JE‘?’?’lax).

lc
e Extracting maximum effort in the time window preceding each lane-change event (Emax).

Ic all
e Constructing the distribution of Emax values and comparing them against Emax.

2.2.4. Scan
2.2.4.1. Task demand diagram for scan

TD scan represents the baseline vigilance that drivers maintain on a motorway when no acute
interaction is present. It covers forward observation, mirror checks and brief glances to adjacent lanes.
The diagram is assumed to be a small constant per monitored area, which gives a simple linear relation
with the number of areas observed at a given instant. This yields a single parameter model that is easy
to interpret and to carry across subtasks.

2.2.4.2. Data processing and scenario extraction

All channels are aligned to the simulator clock at 20 Hz so that TD scan inputs match the effort label
and the kinematic context sample by sample. The effort label is the dependent variable and is
constructed on the simulator timeline by fusing min to max scaled pupil diameter, min to max scaled
gaze variability, a scaled eyelid opening signal and an electroencephalography workload proxy through
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independent component analysis with fixed weights. The composite is then min to max scaled within
each driver session to define a unit interval scale. TD scan is calibrated on empty situations. These are
motorway segments with uncongested traffic, no secondary task and no surrounding vehicles within
150 m in any relevant direction. Frames with missing values are removed and a short moving average
of about half a second can be used to reduce artefacts while preserving the baseline profile.

Table 9. election rules for empty situations.

Criterion Rule

Scenario Uncongested motorway driving

Secondary task No secondary task present

Surrounding traffic No leader or follower and no adjacent vehicles
within 150 m

Data quality No missing values in effort or distances

Outlier handling Apply light smoothing if needed to remove
artefacts

2.2.4.3. Model calibration

Calibration uses the empty situation windows and estimates a single small constant per area. If areas
of interest are available, the number of areas observed at each frame defines k and a least-squares
estimate gives the per area constant. If areas of interest are not used, the model collapses to a constant
baseline and the estimate equals the mean effort in the empty windows. The search can be
implemented as a short grid over a practical band and the value that minimises the root mean square
error is retained.

2.2.4.4. Assessment and diagnostics

Assessment confirms that the fitted TD scan is small, stable and close to the observed baseline in
empty windows. Residuals are checked for centring and for the absence of drift over time. Sensitivity
checks vary the one hundred and fifty metre threshold and the smoothing window to verify that the
estimate changes only slightly. When areas of interest are used, the fitted per area constant should be
consistent across profiles and the implied baseline should remain modest relative to the total effort
budget.
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Figure 9. AOI distribution across participant profiles.
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2.2.5. Socio pressure

2.2.5.1. Task demand diagram of socio pressure

The socio-pressure task was designed to capture the task demand induced by being closely followed
(tailgated) by another vehicle, potentially combined with the presence of a leading vehicle. The
conceptual assumption is that social pressure increases as the time headway (THW) between the ego
vehicle and the following vehicle decreases.

If relaxation (i.e., the gradual return of the driver to equilibrium behaviour) and dynamics (i.e., temporal
adjustment such as acceleration or braking) are ignored, then a simplified linear relationship can be
hypothesized between task demand and THW:

1
oL
THW,go-fottower (t) (18)

TDsocio

Additionally, the effect of the leader vehicle can be considered, such that the task demand may depend
on both the ego-follower THW and the ego-leader THW:

TDsocio « f(THWego—followe?‘ (t), THWego—leade?‘ (f)) (19)

To account for inter-individual variability, a socio-speed sensitivity parameter (° €[0,1] ) was
introduced. This parameter reflects how strongly a driver reacts to being tailgated. The effective task
demand can therefore be expressed as:

TDsocio = p(t) "0 + & (1920)

Where P represents the instantaneous social pressure approximated by the inverse of THW, % s

0,1]

assumed to follow a triangular distribution on [ peaking at 0.25, and €t is the error term.

2.2.5.2. Data process

Before calibration, the following steps were applied to the urban and highway DSE data:

1) Scenario extraction: Tailgating episodes were extracted from the dataset, based on the
definition that the ego vehicle was continuously followed by another vehicle at a short THW.
Scenarios were further classified by the presence or absence of a leader vehicle.

2) Trajectory discontinuities: As with other tasks, discontinuous task demand measurements due
to missing instrumentation data were removed.

3) Event filtering: Cases where the ego vehicle had already changed lanes or where the follower
disappeared were removed, since tailgating pressure was no longer present.

4) Data preparation: For each run, paired observations of THWego_fOIIOW”, THWQQ"_I““",
and normalized task demand proxy were constructed for analysis.

2.2.5.3. Modelling and calibration

Two modelling forms can be considered:

Exponential form:
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THWego—foilowe?‘ (t)
TDsocio (t) = €xXp (_ ] )

lsocio (2021)
Linear inverse form (steady-state assumption):

1
. + &
THWer—followe?‘ (t) t(2122)

TDsocio(t) = a + B

Calibration was performed for each driver individually using nonlinear least squares regression (for
exponential models) and ordinary least squares regression (for linear inverse models). Goodness-of-fit

2
was evaluated using R and RMSE.

2.2.5.4. Results and limitations

Despite the theoretical plausibility, no robust patterns could be identified. Several reasons were
identified that might explain:

e Scenario design mismatch: The concept of socio pressure was intended to capture the stress of
being tailgated. However, in the experiment, the tailgating scenario also included horn events.
These horns may have been interpreted by drivers as lane-change signal or requests, or simply
caused physiological arousal due to annoyance, confounding the measurement of pure social
pressure.

e Task overlap: Tailgating scenarios were often combined with NDRT (Non-driving related task),
making it impossible to disentangle whether the observed task demand proxy increase was due to
social pressure or NDRT engagement.

e Limited sample size due to experimental complexity: The factorial design (day/night,
presence/absence of leader, presence/absence of horn, NDRT or not) led to fragmented sample
sizes. For many element combinations, the number of valid runs for modelling was too small for
robust parameter estimation.

e Weak behavioural signal: Scatter plots of THWego-fouower

showed no consistent trend across drivers.
As a result, the planned calibration of socio-pressure task demand could not be conducted with the
current experimental data.

vs. normalized task demand proxy

2.2.6. Non-Driving related tasks (NDRT)

This subsection describes how the workload impact of a non-driving related task (NDRT) is quantified
during motorway driving. The analysis treats NDRT as a context flag recorded by the simulator and
contrasts the effort label between windows with NDRT active and windows without NDRT, using the
same signals, alignment and scaling as in the motorway dataset. Both standardized NDRTSs used in the
study are handled under a single NDRT condition, and the comparison excludes explicit model fitting;
the objective is to estimate the additive workload attributable to performing an NDRT while driving.

All channels are aligned to the simulator clock at 20 Hz. The dependent variable is the effort label on
the unit interval, constructed by independent component analysis fusion of the electroencephalography
workload proxy, pupil diameter, gaze variability and eyelid opening, followed by within session min to
max scaling. For contrast, motorway windows are selected where the ego vehicle drives steadily without
lane changes and with complete spacing and context signals. Windows are stratified by lighting so that
day and night are not mixed. To avoid confounds from spacing differences, samples are matched within
each profile by coarse headway bins so that the NDRT and non-NDRT sets have similar headway
distributions over the working range.
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Within each driver session, the contrast is computed on matched samples to obtain a profile-wise
AEffort. At documentation time these per-profile contrasts may be summarized across the cohort, but
no numerical results are required in this section. If desired, a sensitivity check repeats the computation
after minor variations in the headway binning or after excluding short transients, confirming that the sign
and magnitude of the contrast remain stable. The same approach can be applied to specific motorway
subtasks by restricting windows accordingly, but the default contrast is computed on valid motorway
driving without additional subtask segmentation.
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Figure 10. NDRT on vs NDRT off. Boxplots show participant-level means of a specific proxy of workload
during car following (None of the proxies shows a significant NDRT effect. Means were numerically
higher with NDRT for Effort_scaled, pupil diameter, and EEG workload. Eyelid is virtually identical
across conditions. Gaze variability tended to be lower when NDRT is present but still non-significant).

2.3 Urban scenarios

Conflict at unsignalized intersections, Pedestrian crossing at a zebra, and NDRT tasks were
investigated in urban scenarios, and their fundamental diagram of task demand (FDTD) were calibrated.
Below are the functional forms, parameters of functions and calibration methods of different tasks.

2.3.1. Conflict

2.3.1.1. Conflict task demand diagram

The task demand diagram for conflict areas considers scenarios where trajectories of cars, bicycles,
and pedestrians intersect. When crossing an intersection, conflicts with other traffic participants lead to
increased task demand. Two assumptions for conflict task demand were proposed:

Assumption 1: Task demand increases exponentially with the maximum of the ego vehicle and
conflicting traffic’s time to intersection conflict (TTI) (Equation (22)).

Assumption2: Task demand increases exponentially with the minimum of the ego vehicle and conflicting
traffic’s TTI (Equation (23)).

TD, o exp (—max (min[TTIego)(t), min[TTi’mnf)(t))

Assumptionl: hexp (22)

min(TTlego)(t) Min(TTIgons)(t) ))
’ hconf

TD. < exp (— min (

Assumption2: hego (2323)

Where TTl = RD / v, with RD denoting the remaining distance to the intersection conflict point and v

denoting the current speed. TTlego refers to the ego vehicle’s time to intersection conflict with other

min | TT] t
( ego( )) TTleont \efers 1o other traffic

N _ o o min (TTIcons (1))
participants (cyclists, merging vehicles, crossing vehicles) and represents the most
urgent conflict among them. The intersection conflict point is defined as the location where trajectories
intersect (Figure 11).

traffic, with representing the most urgent conflict.
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The difference between the two assumptions is whether task demand is influenced by both ego and
conflicting traffic (Assumption 1: higher task demand only if both are urgent) or by either ego or
conflicting traffic (Assumption 2: task demand increases if either is urgent).

To validate these assumptions, the distance, speed, and acceleration of the ego and conflicting
participants were calculated from driving simulator experiment (DSE) data.

Figure 11. Intersection points.

2.3.1.2. Data process

Before calculating TTI, the urban DSE data were pre-processed as follows:

1)

2)

3)

4)

Scenario extraction: The intersection scenarios involving cyclists and vehicles were extracted,
and the corresponding data—including simulator kinematics, physiological measurements, and
survey responses—were integrated.

Trajectory discontinuities: Due to missing data from instrumentation, discontinuous task
demand measurements were removed.

Outlier removal: To avoid the influence of outliers, task demand data were screened using
Turkey’s rule based on the interquartile range (IQR). Values below Q1 - 1.5 x IQR or above Q3
+ 1.5 x IQR were considered potential outliers, where Q1 and Q3 denote the first and third
quartiles of the data. This method is widely used because it is distribution-free, less sensitive
to extreme values than mean-based methods, and does not require arbitrary percentile
thresholds (e.g., 5% or 95%). This procedure was applied individually for each driver.

Conflict resolution: Once the ego vehicle passed a conflict point, the conflict no longer
contributed to task demand, and corresponding data were removed.
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Figure 12. Relationship between new effort and ego’s distance to conflict with bike.

5) Normalization: Task demand measurements were normalized to the [0,1] range per driver, with
0 representing baseline (no external conflict stimulus), allowing quantification of task demand
increases due to conflict.

6) Analysis range: Since smaller TTl indicates more severe conflicts, the analysis was limited to

TTlogo <55 4 TTleons < 125

2.3.1.3. Modelling and calibration
Modelling was conducted for the increasing task demand phase (i.e., before conflict resolution), the
following model were calibrated:

—max (min(TTlego(®)) mx‘n(?ﬂconf(r]]

TD.(t) = e Rexp

Assumption 1: (2424)

- mi ( g . n
go conf
2: TDC(t) =e

Assumption (2525)

Parameters estimation was performed using Nonlinear Least Squares Regression (NLSR). Specifically,
we employed the Levenberg—Marquardt algorithm (nIsLM function in R) to ensure stable convergence
in the presence of potentially complex error surfaces. Both parameters were constrained to be strictly
positive to ensure interpretability. Take model of Assumption 2 for example, the optimization problem
for each run r is expressed as:

T
6, = arg Ié‘li(l)lz (TD,,, (t) — TD.(t;0) )2
> =1

t (2626)
0 = {Rugor heons} - . . . .
Where g is the parameter to be estimated, T is the number of time points, and

TDcps (t) denotes the observed normalized task demand proxy at time t.

To assess the goodness of fit, the Root Mean Square Error (RMSE) between observed and predicted
task demand proxy values for each run are used. Runs with excessively high RMSE were considered
unreliable and excluded from subsequent aggregation of parameter estimates:
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RMSE, = ?Z (TD.,, (0~ TD(5:6,) 2

t=

(2727)
Final parameter estimates were summarized across valid runs:

-~ 1 -
h-ego = ﬁ Z hego,r

T€Rypalia 28)
-~ 1 -~
hconf = E Z hconf,?‘

T€Rypalid (29)

R

Where “valid js the set of valid runs, and N = |Rm”d|.

2.3.1.4. Evaluation

Each driver had individual parameters set. Runs with R?> 0.4 were considered good fits. Assumption 2
provided the best fit to the data, and the initial calibration yielded h_ego = 4.2 and h_conf = 3.04. Using
global optimization via Differential Evolution optimization method (DEoptim in R) with sensitivity analysis
across 5 random initial parameter sets, the robust estimates were obtained: h_ego = 4.46, h_conf =
2.49. It remains the same results after performing sensitivity analysis when applying 5 random initial
parameters sets. Sensitivity analysis with 5 random initial parameter sets confirmed the robustness of
these estimates.

Figure 13 shows the relationship between conflict indicators and task demand proxy from original data,
and Figure 14 presents the calibrated model with the final parameter estimates, with the following
FDTD:

min(TTIego (t)) mEn(TTIconf (t))
4.46 ! 2.49

TD.(t) < e ( (30)
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2.3.2. Pedestrian walking

The calibration procedure is similar to that used for the conflict task demand diagrams, but the results
indicate that significant task demand increases only occur under scenarios where pedestrians move
forward critically to cross the roadway. The calibration procedures and the method applied are indicated
below.

2.3.2.1. Pedestrian walking task demand diagram

The proposed task demand diagram for zebra crossing areas, where pedestrians may appear and
move, is similar in principle to the conflict task demand diagram but simpler, as shown in Equation (28):

_ TTZggo(t)
hego
TDy x e (31)
TTZego o . _ .
Where denotes the ego vehicle’s time-to-zebra crossing, calculated as TTZ=RD /v, RD is the

remaining distance to the zebra crossing, v is the current speed. This formulation assumes that as the
ego vehicle approaches the zebra crossing (where interactions with pedestrians are possible), the task
demand increases exponentially.

2.3.2.2. Data Process

Before calibration, the urban DSE data were processed as follows:

1) Scenario extraction: Zebra crossing scenarios with potential pedestrian presence were
extracted, and the corresponding data—including simulator kinematics, physiological
measurements, and survey responses—were integrated.

2) Trajectory discontinuities: Due to missing data from instrumentation, discontinuous task
demand measurements were removed.

3) Conflict resolution: Once the ego vehicle passed the zebra crossing, the corresponding
pedestrian-related conflict no longer contributed to task demand, and the data were removed.

4) Distance calculation: The ego vehicle’s distance to the zebra and the corresponding TTZego
values were computed for each time stamp.

2.3.2.3. Modelling, calibration and evaluation

Exploratory analysis of individual pedestrian crossing scenarios revealed that task demand increases
significantly only when pedestrians move toward the ego vehicle in a critical manner. Only scenarios
where pedestrians move towards the vehicle critically were considered. Exploratory analysis shows that
task demand starts to increase approximately 40 m before the zebra crossing, where we think the driver
starts to be influenced by the moving forward pedestrian, and data within 40m were utilized.

Given the simplicity of the model, the exponential function was linearized using a natural logarithm
transformation to facilitate regression fitting. Specifically, we applied the following linearization
(Equation (29)):

In (TDp(t)) =In (a) — K;TTZQQO&) + & @)
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Where TDy(t) hego

is the normalized task demand proxy at time t, is the scaling parameter to be

estimated, ¢ is a proportionality constant, and“t represents the residual error term.

This equation corresponds to a standard simple linear regression model. Thus, the scaling parameter
is obtained as:

_1
B (33)

Parameter estimation was conducted using Ordinary Least Squares (OLS) regression. Specifically, for

hego =

each valid run i, the slope P and intercept were estimated by minimizing the residual sum of squares
(Equation (30)):

RSS(, @) = £1_1(In (TDy(6)) — In(a) + B - TTZggo(t))2(34)

2
Runs with poor fit (R < 0'4) were excluded, the final estimate of hego was derived by averaging across
valid runs, which is similar to the approach applied in calibrating the conflict task demand.

2.3.3. Non-Driving related tasks (NDRT)

2.3.3.1. Task demand diagram
The task demand caused by NDRT is defined as the incremental effort observed in the presence of a
secondary task, compared with the baseline (no NDRT) under the same driving scenario. Formally:

TD hdrt (t) = TDWE th_ndrt (t) - TDwitho ut_ndrt (t ) (3 5)

Where TDpare (t) represents the additional task demand attributable to NDRT.

2.3.3.2. Scenario extraction and processing

1. Select matched driving scenarios with and without NDRT (e.g., traffic conditions, conflict
presence).

2. Extract task demand proxy values for both conditions.

3. Pair scenarios by driver and scenario type to control for inter-individual variation.

2.3.3.3. Verification

The verification is conducted by computing the relative increment ratio:

TDwEth_ndrt (t) - TDWE thout_ndrt (t)

ATD =
TD without_ndrt (t) (36)

¢ATD

Per-driver and per-scenario distributions o are then summarized.
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3 Calibration of Bayesian Networks

3.1 Introduction

The foundation for cognitive approaches to situation interpretation and risk evaluation is information
fusion. This research has been performed as part of the Research Initiative Ko-FAS [Ko-FAS, 2013,
where premium original equipment manufacturer from the automotive industry and universities have
performed visionary studies as a step towards cooperative perception and preventive safety.

To analyse the criticality of a traffic situation, two key methods have been applied in the past for
preventive safety of real motorized traffic participants at real city intersection: a forward simulation
developed in [Petrich etal., 2013] and Bayesian networks [Weidl etal, 2013].
This innovative combination of map-based motion prediction [Petrich et.al., 2013] with Bayesian
networks enables the simultaneous recognition and prediction of driver intentions at intersections, as
well as their risk evaluation. As a result, potential conflict vehicles and the concurrent occupation of a
conflict zone can be identified early, allowing timely assessment of collision risks [Weidl et.al.,2013].

3.1.1. Challenges in Criticality Assessment by cognitive approaches

Accurate situation analysis faces several challenges:

- Collision Timing: Algorithms must be capable of forecasting the time until a potential collision occurs.
- Measurement Uncertainty: Real-world vehicle sensor data inevitably contain uncertainties (both
aleatoric and epistemic uncertainty) that complicate interpretation.

- Combinatorial Complexity: Intersections involve multiple road users with numerous possible
manoeuvres, creating a significant interpretation challenge.

- Context Dependency: Traffic rules and environmental conditions must be considered to ensure
realistic modelling.

Addressing these challenges requires robust probabilistic methods that can incorporate uncertainty
while maintaining reliable predictive capabilities.

3.1.2. Methodology

3.1.2.1. Bayesian Networks

A Bayesian network is a probabilistic graphical model represented by a directed acyclic graph consisting
of structure and parameters. The structure is represented by a directed acyclic graph, build of nodes
and edges,

- The Nodes represent stochastic state variables, i.e., the domain features (measurable or computed
variables, which are characterizing the problem domain under analysis
- Edges represent causal dependencies or correlation between variables. The edges specify the
dependency relations between the variables.

- Each node representing a stochastic variable has an associated conditional probability table,
qguantifying the strength of the dependency between the child node and its parents. The set of
conditional probability tables specifies the strengths of the dependencies between the domain features.

The product of the specified conditional probability tables is an efficient representation of the joint
probability distribution over the variables of the Bayesian network. The decomposition of the joint
probability distribution into conditionals is what makes efficient inference in Bayesian networks possible.

Using expert knowledge from both experience and physics models, and learning methods, Bayesian
networks represent human cognitive abilities as causal dependencies. This allows probabilities to be
derived for evaluating the criticality of a traffic situation.
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3.1.2.2. Key Advantages of Bayesian Networks as Cognitive Approach

- Reduction of Computational Complexity: Enables simultaneous analysis of multiple movement
hypotheses for all road users at intersections.

- Resolution of Combinatorial Problems: Provides a structured way to handle multiple possible
manoeuvres and interactions.

- Context Awareness: Incorporates traffic rules and contextual dependencies to model traffic situations
precisely.

- Generic Modelling: Allows not only the prediction of individual manoeuvres but also generic modelling
of intersection events for preventive safety.

- Integration of Heterogeneous Data: Combines measured, calculated, and communicated data
seamlessly.

- Uncertainty Management: Effectively handles the different types of uncertainties (aleatoric and
epistemic) inherent in real vehicle sensor data.

- Object-Oriented Approach: Supports model libraries of Bayesian network fragments, enabling reuse,
extension, and adaptation to new situations.

3.1.3. Results

The developed algorithms for forward simulation [Petrich et.al., 2013] and Bayesian networks for
situation analysis at complex real city intersections [Weidl et. al., 2013] enable essential system
functionality, e.g. quantitative results are presented below as a clear empirical validation. For this
purpose, analyses of the project data have been carried out.

Detailed validation results of Bayesian networks in real intersection applications have been presented
at the final presentation of the research initiative Ko-FAS, see [Ko-FAS, 2013]. A comprehensive
presentation of results has been provided in [Weidl et. al., 2013] and cited below:

“More details on research and advantages related to the use of Baysian Networks is discussed in, e.g.
for accurate global positioning of EGO-vehicle in intersections and lane identification [Popescu et al.
2011], as well as for estimation of driver intention based on topology and geometry information from the
intersection map [PReVENT project, 2007], [Lefévre et al., 2011], [Lefévre et al., 2012]. OOBNSs offer a
natural framework to handle vehicle-lane and vehicle-vehicle relations [Kasper et al., 2011]. Our
approach profits from the advantages of OOBNs when it comes to dealing with interrelated
(networking) road users. A concept for situation interpretation and cognitive assessment of risk
under uncertainties in intersection scenarios involving all traffic participants was developed in [Weidl
etal., 2012].”

A presentation of results can include, e.g., accuracy, sensitivity, ROC curves. The video of the
demonstration can be found as video from the final demonstration at https://ko-
fas.deffiles/abschluss/ko-fas ap ko-per kreuzen.wmv, see Figure 15.

The ROC curves for the considered 3 possible conflict areas are shown in Figure 16, which represents
the test results on the Evaluation of Risk in a Collision Situation with Warning. Results, discussing
accuracy and sensitivity are summarized below Figure 16 and published in [Seeliger et al., 2014]. In
addition [Naujoks et.al., 2015] studied the Effectiveness of advisory warnings based on cooperative
perception.

The safety functionality has been demonstrated in real intersection traffic at the specially equipped
research intersection at the corner of University of applied sciences Aschaffenburg.
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Video of Demonstration Scenario 1 on the Aschaffenburg
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Figure 15. Demonstration of the BN model performance on the research intersection for testing of
collision avoidance, based on communicated messages, system perception, situation analysis and
collision risk assessment.
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Bayesian networks have been used for situation analysis at complex real city intersections [Weidl et.
al., 2013]. This allows:

- Prediction of Collision Time: Estimation of the remaining time before a collision becomes
unavoidable.
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Figure 16. Test Result: Evaluation of Risk in a Collision Situation with Warning.

- Improved Robustness: Probabilistic modelling ensures accurate interpretation even under
uncertainty.

- Scalable Modelling: Object-oriented Bayesian networks simplify model construction and allow
modular extensions.

- Driver Assistance Applications: The system provides a solid foundation for preventive safety
features in advanced driver assistance systems (ADAS) [Seeliger et al.,2014], [Naujoks et.al. 2015]

By combining forward simulation to predict the path of the traffic participants [Petrich et.al., 2013]
with Bayesian networks, the approach achieves early detection of potential collisions and reliable
assessment of critical traffic situations.

Further collaboration results with project partners of the research initiative Ko-FAS, [Ko-FAS, 2013]
have been discussed in:

1) [Seeliger et al., 2014] discuss the Advisory warnings based on cooperative perception and
provides a detailed kin section V. Evaluation of the developed system. The evaluation
example for the accuracy of the fused data is given by the RMSE of one representative dataset.
It concludes that both the warning timing and the performance of the inter-vehicle information-
fusion (IV-IF) system depend on the accuracy of the ego-vehicles localization system. The
upper bound of acceptable position errors, degrading the warning timings, needed to be subject
of further research. The accuracy reached with the presented IV-IF approach relies on the
explicit modelling of the road users as extended objects. Therefore, precise time-stamping and
accurate consistent estimates of the objects size and state in turn manoeuvres are necessary
for the applicability of the IV-IF approach. The evaluation and comparison of the driving
simulator and the prototype system data has been covered in [Seeliger et al.,2014] Section V-
B. Finally, the sensitivity to false alarms in everyday-traffic is evaluated with data generated
by the IPS in Section V-C. This has been performed by comparison of the data, obtained from
the operation of the driving simulator and from the experimental vehicle (prototype). For the
development of safe ADAS: one valuable result from the driving simulator experiments
established, that a warning in the driving simulator is triggered when the ego-vehicles
TimeToCollision (TTC) to the conflict zone drops below a threshold of 3 seconds. The distance
to conflict point (DTC) at TimeToBreak=TTB = 2s is 39,8m for the simulator at -8 m/s2 and
43,9m at -6 m/s2 for the prototype vehicle with ADAS. This has been also used for the
presentation of results in Figure 16.

58



2) [Naujoks et.al., 2015] studied the Effectiveness of advisory warnings based on cooperative
perception. Cooperative perception makes it possible —in addition to emergency warnings —to
provide drivers with early advisory warnings about potentially dangerous driving situations.
Based on research results pertaining to imminent crash warnings, it was expected that the
effectiveness of such advisory warnings depends on situation-specific anticipations by the
driver. During a simulator study, N=20 drivers went through a wide range of longitudinal traffic
and intersection scenarios. The scenarios varied in the possibility to anticipate traffic conflicts
(Anticipation: high vs. low) and were completed under different visibility conditions (Visibility:
obstructed vs. visible), with and without driver assistance based on cooperative
perception (i.e., visual-auditory advisory warnings two seconds prior to the last-possible
warning oment; assistance: no assistance vs. with assistance). The warning concept was based
on empirical pre studies and previously validated on a public test intersection.

3.1.4. Conclusion

The integration of forward simulation and Bayesian networks represents a significant advancement in
traffic situation analysis. This approach enables accurate modelling of intersection scenarios under
uncertainty, facilitates early identification of potential conflicts, and provides a probabilistic basis for
evaluating criticality.

Bayesian networks, with their modular and reusable structure, offer a scalable and adaptable toolset
that is particularly well suited for driver assistance systems and preventive safety applications. This
makes them a key enabler for enhancing road safety in increasingly complex urban traffic environments.

3.2 Context-Dependent Scene Interpretation and Collision Risk
Prediction

3.2.1. Introduction

The cognitive approach modelled by Bayesian networks in [Weidl et.al., 2013] can be extended to
include all classes of road users, i.e. motorized vehicles and vulnerable road users (VRU).
The results obtained from lane-accurate assignment of cars and bike drivers and trajectory prediction
serve as input for situation interpretation and risk assessment for the use case of D3.2.The objective of
Context-Dependent Situation Interpretation and Collision Risk Prediction is to support preventive safety
by recognizing road users intentions early, interpreting traffic scenes, and assessing potential risks.
Ultimately, the system must be able to warn the driver in time in order to avoid the need for autonomous
interventions, in line with the goal of preventive safety.

3.2.2. Challenges

Intersections represent one of the most complex traffic environments. Several challenges must be
addressed:

- Multiple Participants (see Figure 17): numerous road users (including motorized vehicles (see a) and
vulnerable road users (see b) with diverse movement options create significant combinatorial and
interpretive challenges.

- Contextual Analysis: Situations must be analyzed within their actual context, including lane-accurate
assignment of cars and VRUs and intention recognition (Figure 18).
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- Traffic Rules: Realistic analysis requires consideration of prevailing traffic regulations such as
permitted manoeuvres and right-of-way rules. In Figure 17 the traffic rules and manoeuvre options are
encoded in the digital map.

- Driver Limitations: Accidents occur not only due to rule violations, distraction, or misinterpretation, but

also because of visual obstructions (e.g., a hidden vehicle suddenly appearing from behind a van,
behind a building, or in case of Figure 16 the bike appears from the dead angle of the vehicle, after
being occluded by a building before turning into the street and moving in parallel with the car).

- Data Fusion and Uncertainty: Intersections and vehicles generate large volumes of measured,
communicated, and derived data (in the case of i4Driving, the data are generated in the VTI DSE
(Driving Simulator Experiments). These data inherently contain uncertainties that must be appropriately
modelled and processed.

- C2X Communication: Car-to-Car (C2C) and Car-to-Infrastructure (C2I) communication helps
overcome visual obstructions, enabling a more complete situational overview and providing the driver
with an 'around-the-corner' view.

Figure 17. Real City Intersection in Aschaffenburg a) representing traffic scenario with cars and all of
their allowed directions of manoeuvres, as defined by the traffic rules and saved in the digital map of
the intersection; b) Calibration of similar scenario with cars and vulnerable road users to represent the
one, tested in the traffic simulator of VTI (described in D3.2), which considers e.g. the green car turning
right and the grey bike crossing the same street on which the car will turn.

To demonstrate the principle of BN calibration, we will show how to adopt the generic use case, shown
in Figure 15 to one of the use cases from i4Driving_Deliverable D3.2 “Experimental setup for driving
simulator experiments - final19122023 clean_gw.docx”, see Table 12. Description of data to be
recorded in the VTI driving simulator experiment, and Table 13. illustrations of the different scenario
blocks used in the TUM DSE, M8, Section: Right Turn Scenario (see Figure 16.).
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Figure 18. Right Turn Scenario used in the Driving Simulator Experiment (DSE).

Figure 19. To explain the Calibration of Bayesian Networks, we adopt our initially created generic use
case scenario to the scenario tested in the Driving Simulator Experiment (DSE) (see Figure 18).

3.2.3. Methodology

To manage the complexity of intersection scenarios, suitable modelling assumptions are employed,
which include:

- Rule-Conformant Movements: Vehicle movements are assumed to conform to traffic regulations.
- Digital Maps: Traffic rules and permitted manoeuvres are encoded in digital maps, which are also used
for trajectory prediction. Only the most probable trajectories are retained for analysis, and characteristic
situational features are extracted for overlapping trajectory pairs.

As a result, the established Key Features for the situation analysis (shown in Figure 21) are modelled
in the Bayesian Network (Figure 22). The situation features include:

e SL - Significance (plausibility) of predicted trajectory of a motorized vehicle (Fig. 1 represents
the situation and Figure 20 shows the features, relevant for motorized vehicles). In case these
trajectories are known from the DSE (see Figure 18 and Figure 21 showing the features for
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motorized vehicles and Bike driver in the situation (Figure 18).)), then the SL = 100% or

probability = 1.
e TTx ={TTE, TTL} - Time to enter/leave a conflict area (for each involved vehicle in the traffic
situation)

e TTB - Latest possible time for the motorized vehicle to brake in order to avoid a collision
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Figure 20. Situation Features used in the generic Bayesian Network model of the risk assessment of
the situation shown in Figure 19.
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Figure 21. Situation Features used in the calibrated Bayesian Network model of the situation extended
with human factors.

Conflict areas are defined by trajectory overlaps. The entry TTE and exit TTL times determine whether
two vehicles might simultaneously occupy the same conflict zone.

- Probabilistic Approach: Object-Oriented Bayesian Networks (OOBN) are applied to handle uncertain
data while enabling robust conclusions. OOBNSs allow modular, reusable, and extendable models,
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supporting scalable interpretation. Crucially, they imitate human reasoning when assessing collision
risk.

3.2.4. System Design

The system workflow is as follows:
1. Data Input: Cooperative data fusion supplies vehicle information.

2. Complexity Reduction: Only relevant vehicles are retained through pairwise EGO-PDO (ego vs.
potential danger object) relations.

3. Trajectory Prediction: Possible trajectories are predicted.

4. Feature Extraction: Situational features are derived from predicted trajectories.
5. Risk Assessment. Using OOBNSs, potential and real collision risks are evaluated.
6. Warning Criteria: If the probability of a real collision exceeds 80% and the remaining time to brake
(TTB) is <= 2 seconds, a warning is issued to the car driver.

This workflow is reflected in the design of the Object-Oriented Bayesian Networks (OOBN), which is
applied to handle uncertain data, support reusable model fragments, and imitate human reasoning. The
OOBN is combining two hypotheses: Predicted Collision with the EGO-Object Relation expressing, if
two predicted motion paths of EGO and Object vehicle are intersecting at all (as shown in Figure 18
and calibrated as Figure 19 for the extended case with human factors) and if yes with what probability,
which is expressed by the Significance level (giving the plausibility of the predicted path). The first
hypothesis Predicted Collision is evaluating the probability if both vehicles could be simultaneously in
the conflict area (as shown in Figure 18 and calibrated as Figure 19). The second hypothesis evaluates
the plausibility of predicted motion for both vehicles.
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Figure 22. OOBN, generating a warning, in case the conditions are satisfied.
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3.2.5. Bayesian Network Design and Calibration to modified application domain with
human factors according to DSE

In Figure 20 the generic OOBN, developed in the Ko-PER project, has been applied to represent a
generic Situation Analysis model, including all allowed manoeuvre at a real city intersection with several
lanes, allowing — according to traffic rules — various manoeuvres for the motorized vehicles.

In i4Driving, D4.2. we want to consider the relation between human factors, representing motorized
vehicles and VRUs. Thus, the extension will allow to consider the human factors in the
interaction/relation between two classes of road users (motorized or vehicle behaviour of a car driver)
and vulnerable. Our aim with the modelling of human factors is to represent the use case, described in
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D3.2. And we calibrate the workflow for the OOBN associated with the situation features shown in
Figure 22.

The BN workflow applied for the use case of D3.2. is a modification (thus, needs calibration) of the
above-described  system  workflow. It is expressed in the following  steps:

1. Data Input: obtained from the DSE (VTI) supplies vehicle and VRU information.

2. Complexity Reduction: Only relevant vehicles are retained through pairwise car-object (car vs.
potential danger VRU) relations.

3. Trajectory Prediction: Possible trajectories are predicted from the simulated VTI data.

4. Feature Extraction: Situational features are derived from predicted trajectories.

5. Risk Assessment: Using OOBNSs, potential and real collision risks are evaluated. As indication are
used the cases when the bike was for safety stopped by the simulator responsible to avoid actual crash
in the simulator.

6. Warning Criteria: If the simulator responsible expected a high probability of a real collision (e.g.
exceeds 80%) and that the driver did not reduce speed (meaning the remaining time to brake (TTB) is
<= 2 seconds), a warning was not issued to the car driver, but the bike driver was stopped for its own
safety.

The resulting BN is shown in Figure 23.

DistanceRisk

Figure 23. Bayesian Network Design to infer on the risk for the observed situation between a car
turning right on the road and a bike crossing the same road.

3.2.5.1. BN Model description

As mentioned, a BN contains qualitative and quantitative part.

In Figure 23 the qualitative part contains the human factor variables, which characterize the driving
style. The driving style is casually affected by the gender and age of the human driver. The driving style
and the physical conditions (acceleration, speed and distance to the target zone) impact what is defined
as DistanceRisk which is combined with InsufficientScanningRisk to produce the overall risk. The BN
model is inferring on the risk of collision in the considered situation.
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This mean that risk is causally dependent on a number of human factors, i.e., the actual speed and
acceleration of the vehicle (corresponding to the human driving behaviour and observed as car driving
behaviour), the distance to the VRU object (bike) and on the scanning behaviour of the human car
driver.

The scanning behaviour of the human car driver is causally dependent on the Driver Experience (driven
km) and on the driver familiarity with Bike Driving (awareness of how a dangerous situation can appear
for a bike driver due to its trajectory intersection with a driving car or its actual intention for careful car
driving behaviour and the driver experience of scanning for VRUs (bike drivers), intending to cross the
road).

The shown BN is an updated model where we have used some of the variables and CPTs from previous
models, developed as a result of our WP2 discussions in i4Driving. The CPT for the variable Risk is
defined as an expression, assuming constant deceleration (or acceleration) towards the target zone. If
the driver has not performed a sufficient scanning the risk is assumed to be high.

In the model, the distance to the target zone is modelled as negative going to zero as the vehicle
approaches the target zone. Hence, a positive value means that the vehicle has passed the target zone
and there is no risk. If the vehicle is accelerating towards the target zone, the risk is computed by using
maximum deceleration (assuming 3.5 m/s2).

Figure 24 shows an example of BN inference, e.g. Risky situation, caused by a driver (most probable
explanation based on the highest probabilities: 52% male, age (25-65) 51%, with limited driving
experience (10000 - 25000 km) 50% and inexperienced in its familiarity with urban motorway driving
70%, while showing defensive driving style 67% and moderate deceleration (-1 - 0 km/s"2) at distances
(25 - 30 m) before reaching the VRU (bike driver).

Age X DriverExperience [ FamiliarityBikeRiding  []
E?-SSS %g - gg 33.718 0 - 10000 29.762 experienced
. =3 49.808 10000 - 25000 F0I238 inexperienced
21.000 65 - inf 16.474 25000 - inf
Gender [
48.000 female
52.000 male
InsufficientScanningRi[>]
T DrivingStyle %] 879656 false
B7.181 defensive 12.344 true
32.819 offensive
Acc X
0.000 -5--3
0.000 -3 --1
-1-0
0.000 0-0
0.000 0-1
0.000 1-3
0.000 3-5 \
Speed X DistanceRisk Risk X
0.000 0-4 2,106 fakse 1001000 £t
4_10 ] G7B94 true - rue
0.000 10 - 14
0.000 14 - inf
Distance X
0.000 -30 - -25
-25 --20

0.000 -20 - -15
0.000 -15 - -10
0.000 -10 - -5
0.000 -5-0
0.000 0-5
0.000 5 - 10

Figure 24. BN to evaluate the risk and to expain e.g. what combination of human factor characteristics
might lead to risky conflict situations between car driver and bike driver.

The Bayesian network considered in the example has been build based on expert knowledge and

information from the literature. The objective of the calibration process is to adjust the initial model using
data collected from the DSE VTI-simulation.
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3.2.6. Results

The developed method for risk analysis was validated through the data obtained from DSE VTI-
simulation. Demonstration scenarios included:

- Crossing with Obstruction
- Left Right with Obstruction (the bike is in the dead angle of the driver) and Yielding Requirement

DSE were conducted at the VTl simulated intersection scenario (Figure 18).

In evaluation, potential conflict areas (see Figure 21) were identified. Bayesian analysis yielded
probability curves for each conflict zone. Entry and Leaving times (TTE) were obtained from DSE. The
bike was stopped in the simulator, if collision was expected. No driver warning was issued if collision
conditions were predicted.

3.2.7. Conclusion

This approach demonstrates how context-dependent scene interpretation and probabilistic risk
prediction combined with some human factors can estimate the risk in preventive safety for intersection
scenarios. By situation features and human factors, with OOBN-based reasoning, the system can
recognize driver intentions, assess collision risks, and provide timely warnings. This enables effective
risk mitigation without requiring intrusive autonomous interventions, thereby supporting safer urban
mobility.

3.3 How to calibrate a Bayesian Network?
3.3.1. Introduction

Calibration is a crucial step in the application of Bayesian Networks (BNs), ensuring that the predicted
probabilities correspond accurately to real-world outcomes. While Bayesian Networks are inherently
probabilistic, outputs can sometimes indicate high uncertainty due to limited data, biased prior
knowledge, or model simplifications. Calibration addresses these discrepancies, improving the reliability
of probabilistic predictions in safety-critical domains such as collision risk assessment, driver assistance
systems and autonomous driving.

We explain below how a Bayesian network model can be calibrated, based on the considered
situation. We use the Right Turn Scenario (Figure 16) for explanation of the methodology, where we
calibrate the BN model by extending the situation features (Figure 21).

The situation features are available from DSE.

Note, this D4.2 is focusing on methodology principles for the calibration of BN.

3.3.2. Challenges

Several factors complicate the calibration of Bayesian Networks:

o Data Sparsity: In many real-world traffic scenarios, some critical events (e.g., rare collisions) are
underrepresented in training data.

o Model Simplification: BNs often require simplifying assumptions (e.g., conditional independence)
that may distort probability estimates.

e Uncertainty Propagation: Noisy sensor data and uncertain priors can accumulate, leading to
deviations in posterior probabilities.

o Dynamic Environments: Traffic conditions change over time, requiring continuous calibration to
maintain reliability.
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We illustrate the calibration using the example model with a few data cases.

<EXAMPLE START>

There are several approaches to calibrating a Bayesian network given new data or new knowledge.
One approachisto update the parameters of the Bayesian network, i.e., the entries of the conditional
probability tables, by re-estimating the parameter using learning algorithms where two types of
parameter learning algorithms can be considered. One approach is based on the EM-algorithm where
parameters are updated in batch while the other approach (adaptive learning, which can be
considered as an option for "online calibration") is based on continuously adjusting the parameters
as data arrives. In this deliverable, we describe batch parameter learning using a database of cases.

Remark: If the developer wants to avoid training of the entire model, one can train a single CPT to show
the principle using the specified CPT as the starting point for EM with an experience count reflecting
the developer’s belief in the prior. It could be equal to the size of the dataset. In that case the priors
have the same weight as the data (or set the experience count to half the size of the data).

Consider the Bayesian network in Figure 23 and assume we have a database of cases, which are
representing observations of the nodes in the model. To estimate the updated conditional probability
tables of the Bayesian network, we need an experience count (or virtual sample size) for the existing
tables. One approach is to give the parameters of the model and the database of cases the same
weight. An example considers the conditional probability table of a Human Factor as a random variable
called DrivingStyle given Age and Gender as shown below in Figure 25:

D rivingStyle .

Age 18 - 25 25 - 65 65 - inf
Gender female male female male female male

defensive  0.75 0.3 0.8 0.5 0.95 0.9

“ offensive  0.25 0.7 0.2 0.5 0.05 0.1

Figure 25. CPT of variable DrivingStyle as affected by Age and Gender.

We use a virtual sample size of 6, which is producing the conditional probability table (CPT) shown in
Figure 26 (assuming each parent configuration to be equally likely:

: DrivingStyle .
Age 18 - 25 25 - 65 65 - inf
« Gender female male female male female male
defensive  0.75 0.3 0.8 0.5 0.95 0.9
» offensive 0.25 0.7 0.2 0.5 0.05 0.1
Experience 1 1 1 1 1 1

Figure 26. CPT of variable DrivingStyle as affected by Age and Gender, with Experience
counts.

Assume we have 6 cases like shown in Figure 27:
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# Age Gender DrivingStyle

0 20 female defensive

1 22 male | defensive |
2 30 female defensive

3 31 male offensive

4 66 female offensive

5 67 female offensive

Figure 27. Assuming 6 similar cases from the data.

After EM learning, the updated conditional probability table for the probabilistic variable
DrivingStyle is shown in Figure 28.

| DrivingStyle |
Age 18 - 25 25 - 65 65 - inf
Gender female male female male female male
“defensive  0.875 0.65 0.9 0.25 0.65 0.9
offensive 0.125 0.35 0.1 0.75 0.35 0.1
»
Experience 2 2 2 2 3 1

Figure 28. Calibrated CPT after EM learning.

Notice how the conditional probability table and experience counts are updated for all
configurations of the parent variables except the last configuration. For the last configuration there
are no cases consistent with the parent configuration and no learning was performed. The example
assumed complete data on the variables of the conditional probability table for simplicity. If there are
missing values, then expected counts are used in the updating as true counts.

Another approach to calibrating a Bayesian network is to update the parameters of the model by
adjusting the parameters such that the posterior probability of an event given a set of evidence
matches a specific result. Consider the evidence scenario shown in Figure 29:
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.\> DrivingStyle X

66.266 defensive
| 33.734 offensive

Acc X
u=-4,02=0.333

-5--3

0.000 -3 - -1

0.000 1-3

; \ J

0.000 3 -5 = = — g ]
stanceRis B2us30 false

Speed X | . 17.470 true

u=7,02=3
0.000 0 -4
4-10
0.000 10 - 14
0.000 14 - inf

Distance X

p=-12.5, 02=2.083

0.000 -30 - -25
0.000 -25 - -20
0.000 -20 - -15

-15 - -10

0.000 0-5
0.000 5 - 10

Figure 29. Calibrated BN, adjusting the parameters of the posterior probability of an event Risk to
match a specific result, under the condition of observed evidence (marked in red).

Assume, we are interested in changing the prior on probabilistic variable representing the human
factor FamilarityBikeRiding such that the posterior probability of Risk=true is above 18%. In a
Bayesian network the probability of the evidence as a function of any parameter is a linear function of
that parameter. This means that the posterior probability of an event (here Risk=true), in general, is a
ratio of two linear functions in the parameter. In the example, there is no downstream evidence relative
to Risk. This means that the posterior probability of Risk=true as a function of FamilarityBikeRiding is
a linear function. The linear function is where t is the prior probability of
FamilarityBikeRiding=experienced. If we need P(Risk=true|evidence)=0.18, then we need t=0.20823
producing the BN shown in Figure 30:
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Figure 30. Calibrated BN, adjusting the parameters of the same posterior probability of an event Risk
to match a specific result, under the condition of observed evidence (marked in red), while changing
the prior on probabilistic variable representing the human factor FamilarityBikeRiding, such that the
posterior probability of Risk=true is above 18%.

Thus, the above discussion shows, there are multiple approaches to calibrate a Bayesian
network.

<EXAMPLE END>

Above, when we do EM-learning of the parameters, then we demonstrated one simple Local Calibration
Methods.

3.3.3. Methodology

Calibration methods for Bayesian Networks can be divided into global and local approaches:

1. Global Calibration Methods

o Platt Scaling: Fits a logistic regression model to the BN outputs, adjusting them to match
observed frequencies.

o Isotonic Regression: Applies a non-parametric monotonic function to improve calibration,
particularly when relationships between predicted and observed probabilities are non-
linear.

2. Local Calibration Methods

o Parameter Tuning: Adjusting conditional probability tables (CPTs) using observed data to
minimize deviations from empirical frequencies.

o Expectation-Maximization (EM) Algorithm: Iteratively refines parameters by
maximizing the likelihood of observed data, especially when incomplete data is present.

o Bayesian Updating: Incorporates new evidence dynamically, refining priors and CPTs
over time.
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3. Evaluation Metrics
Calibration performance is often assessed using:
o Brier Score: Measures the mean squared difference between predicted probabilities and
actual outcomes.
o Expected Calibration Error (ECE): Quantifies the gap between predicted probabilities and
observed frequencies.
o Reliability Diagrams: Visual tools for comparing predicted probabilities against empirical
outcomes.

3.3.4. Results and Applications

Properly calibrated Bayesian Networks provide:

o Reliable Risk Estimates: Ensuring that predicted collision risks (e.g., 70%) correspond to actual
observed frequencies.

o Improved Decision-Making: Driver assistance systems can issue warnings or interventions with
greater confidence.

o Enhanced Safety: Calibration ensures that rare but critical events (e.g., near-collisions) are not
underestimated.

e Adaptability: Continuous recalibration enables the system to remain robust under changing traffic
conditions.

3.3.5. Conclusion

Calibration transforms Bayesian Networks from purely probabilistic models into trustworthy decision-
support systems. By aligning predicted probabilities with empirical evidence, calibration enhances the
interpretability and reliability of BNs, particularly in safety-critical applications such as collision risk
assessment. Future work includes exploring online calibration techniques, where Bayesian Networks
are continuously updated with real-time driving data to maintain accuracy in dynamic environments.
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Annex |: Optimization Module

import json
import os
import subprocess

import sys

import matplotlib.pyplot as plt
import pandas as pd

import psutil

import pygad

import platform

from collections import defaultdict

import ps_logs

logger = ps_logs.get_colored_logger("Calibration GA")

# USER INPUT - Enter your specific data her

#import config_network as configScript

import config_trajectory as configScript

# Define the genetic algorithm parameters - Only if you know what you are doing
num_generations = 10 # Number of generations (iterations)
num_parents_mating = 2 # Number of parents for crossover

sol_per_pop =10 # Population size

# End of user input

type_map = {
'int": int,
'float'": float,
'str': str,
'bool': bool
}
current_iteration=0
best_fitness = float('inf')

no_improvement_count =0
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fitness_history =[] # Initialize an empty list to track fitness values

params_history =[] # Initialize an empty list to track parameter values

process_history = pd.DataFrame()

dataFrame = pd.read_csv(os.path.join(configScript.PATH_TO_FILES, 'DynamicParametersDatabase.csv'))
dataFilter = dataFrame[dataFrame|['select'] == True]

dataFilter['default value'] = pd.to_numeric(dataFilter['default value'])

dataFilter["deviation"] = pd.to_numeric(dataFilter["deviation"])

dataFilter['index'] = dataFilter.reset_index().index

dataFilter["type"] = dataFilter["type"].map(type_map)

print(dataFilter.columns)

print(dataFilter)

num_genes = len(dataFilter) # Number of parameters (genes) to optimize

def generate_config_file(params):
global process_history
finalDict = {'id": 1, 'name": 'ConfigDB', 'description': 'Configuration Database sample’,
'meta": [{'author': 'Jordi'}], 'settings": [}
counter=0
param_list =[]
params_dict = defaultdict(list)
for objectString in dataFilter['specific Object'].unique():
attributesListOfDicts =[]
objectFilter = dataFilter[dataFilter['specific Object'] == objectString]
singleDict = {'object": str(objectString), 'attributes': attributesListOfDicts}
params_dict['specific Object'].append(objectString)
for index, row in objectFilter.iterrows():
if row['type'] == float:
value = round(params[row["index"]], 2)
else:
value = int(params[row["index"]])
singleDict['attributes'].append({'name': row['internal name'], 'value': value})
param_list.append(value)
params_dict[row['internal name']].append(value)

counter = counter
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+1
finalDict['settings'].append(singleDict)

finalDict['id'] = counter

filename = os.path.join(configScript.PATH_TO_FILES, configScript. CONFIG_FILE_NAME)
with open(filename, 'w') as fw:

json.dump(finalDict, fw, indent=4)

fw.close()

finalDict['settings'] = []

params_history.append(param_list)
logger.info(params_dict)

process_history = pd.concat([process_history, pd.DataFrame(params_dict)])

def simulation(params):
global current_iteration

generate_config_file(params)

logger.debug(" ")

logger.debug("Starting current_iteration %s, with parameters %s", current_iteration, params)
logger.debug(" ")

cmd = [

os.path.join(configScript. ACONSOLE_PATH, configScript. ACONSOLE_NAME),
"--script’,

os.path.join(configScript.PATH_SCRIPT, configScript.SIMULATION_SCRIPT),
"--input-folder",

configScript.PATH_TO_FILES,

'--config-file',

configScript. CONFIG_FILE_NAME,

'--network’,

configScript. NETWORK_NAME,

"--replication-ids',

str(configScript.REPLICATION_ID),

"--kpi-function’,

configScript.kpi_creation_method,

'--iteration’,
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str(current_iteration),
"--rds-id’,
str(configScript.RDS_id)

#if DEBUG is True:
# cmd.insert(1,'--silent')
logger.info(' ".join(cmd))
a = subprocess.call(' .join(cmd), shell=True)
os_name = platform.system()
if os_name == "Windows":
a = subprocess.call(cmd, shell=True)
else:

a = subprocess.call(' ".join(cmd), shell=True)

try:
p = psutil.Process(a)
logger.info("Process is still open.")
except psutil.NoSuchProcess:

logger.info("process has been terminated")

with open(configScript.KPI_FILE_PATH, 'r') as file:

avg_geh = float(file.readline().strip())

logger.info(" = ==")

logger.info("Just finished current_iteration %s, result was %s, fitness will be %s", current_iteration, avg_geh,
(1/(1+avg_geh)))

logger.info(" ")

current_iteration = current_iteration + 1

return abs(avg_geh)

def plot_progress(params_history, fitness_history):
plt.switch_backend('Agg')
# Set up figure dimensions for multiple subplots
num_params = len(params_history[0])
fig, axes = plt.subplots(num_params + 1, 1, figsize=(10, 3 * (num_params + 1)))
param_names_column = dataFilter["name"]

param_unit_column = dataFilter["unit"]
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# Plot KPI (Fitness)

axes[0].plot(fitness_history, label="KP!I (Fitness)', color='b')
axes[0].set_title('KPI Over Simulations')
axes[0].set_xlabel('Simulation')

axes[0].set_ylabel('KPI")

axes[0].legend()

# Plot each parameter from params_history in a separate subplot
foriin range(num_params):
param_values = [entry[i] for entry in params_history]
param_name = param_names_column.iloc][i]
param_unit = param_unit_column.iloc[i]
axes[i + 1].plot(param_values, label=f'Parameter {i + 1}', color='g')
axes[i + 1].set_title(f'{param_name} over simulations')
axes[i + 1].set_xlabel('Simulation')
axes[i + 1].set_ylabel(f'{param_name} ({param_unit})')

axesli + 1].legend()

plt.tight_layout()

plt.savefig(os.path.join(configScript.PATH_TO_FILES, "kpi_and_individual_parameters_plot.png"),
format="png', dpi=300)

# Fitness function for the GA
def fitness_function(ga_instance,solution,solution_idx):
# Run the simulation with the parameters (solution)
kpi = simulation(solution)
fitness_history.append(kpi)
if configScript. APPLY_CONVERGENCE_CRITERIA and abs(kpi) < configScript. TARGET_KP!I:
print("Condition met. Stopping script execution.")
print(f"Parameters: {solution} KPI: {kpi}")
print(fitness_history)
print(params_history)
plot_progress(params_history,fitness_history)
sys.exit(0)
return 1/ (1 + abs(kpi))

# Define the range for each parameter (gene)

gene_space =[]

79




for index,row in dataFilter.iterrows():
# pytype = type_map[row["unit"]]
H#TODO: thing with types of parameters is complex. Need to simplify

gene_space.append({"low": row["type"](row["default value"] - row["deviation"]), "high":

row["type"](row["default value"] + row["deviation"])})

# Initialize the GA instance

ga_instance = pygad.GA(
num_generations=num_generations,
num_parents_mating=num_parents_mating,
fitness_func=fitness_function,
sol_per_pop=sol_per_pop,
num_genes=num_genes,
gene_space=gene_space,
parent_selection_type="sss", # Selection type: Stochastic Universal Sampling
crossover_type="single_point", # Crossover type
mutation_type="random", # Mutation type

mutation_percent_genes=10, # Percentage of genes to mutate

# Run the genetic algorithm

ga_instance.run()

# Output the details of the best solution
solution, solution_fitness, solution_idx = ga_instance.best_solution()
# logger.info(params_history,fitness_history)
logger.info("Best parameters: %s", solution)
logger.info("Best KPI (fitness): %s, iteration number %s", solution_fitness, solution_idx)
param_names_column = dataFilter["'name"]
best_params =[]
for idx, sol in enumerate(solution):
logger.info("Parameter %s: Best value: %s", param_names_column.iloc[idx], sol)
best_params.append(sol)
plot_progress(params_history, fitness_history)
logger.info(solution)
logger.info(solution_fitness)
logger.info(ga_instance.summary())
(

logger.info(ga_instance.best_solutions)
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generate_config_file(best_params)
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Annex Il: Simulation.py

import json
import os
import sys
import argparse

from statistics import mean

import pandas as pd

from PyANGBasic import *
from PyANGConsole import *
from PyANGKernel import *

from PyMacroToolPlugin import *

import ps_logs

from calibration_methods import generate_detectors_kpi

from calibration_methods import generate_trajectory_error

model = None

logger = ps_logs.get_colored_logger("Simulation Iterations")

def run_method(method_name, args=None):
methodz = globals().get(method_name)
if callable(methodz):
logger.debug("Running method %s", method_name)
methodz(args) # Call the function if it exists
else:

logger.critical("Function %s not found", method_name)

def modify_any_attribute(gkobject, attribute):
if attribute["'name"] == "GKVehicleReactionTimes::reactionTime": #Specific case
react_time_obj = GKVehicleReactionTimes(round(attribute["value"], 1), 1, 1, 1)
gkobject.setVariableReactionTimes([react_time_obj])

logger.debug(

f"Vehicle variable reaction times set successfully {round(attribute['value'],1)}"

)

else: #General case.
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attr_name = attribute["name"]

attr_value = attribute["value"]

logger.debug(f" - Attribute: {attr_name}, Value: {attr_value}")

column = model.getColumn(attr_name)

gkobject.setDataValue(column, attr_value)

if gkobject.getType().getName() == 'GKRoadType":
logger.debug("Updating sections of Road type %s", gkobject.getName())

gkobject.updateSectionsinRoadType()

def modify_network_from_config_file(model, config_filepath):

with open(config_filepath, "r", encoding="'utf-8') as file:
data = json.load(file)

for obj in data["settings"]:
object_id = obj["object"]
gkobject = model.getCatalog().find(int(object_id))
logger.debug(f"Processing object {object_id}")

for attribute in obj["attributes"]:

modify_any_attribute(gkobject, attribute)

def main( input_folder,config_file, network, replication_ids, rds_id, kpi_function_name, iteration):

global model

logger.info("Running iteration %s", iteration)

console = ANGConsole()

if console.open(os.path.join(input_folder, network)):
model = console.getModel()
replication = model.getCatalog().find(int(replication_ids))
rds = model.getCatalog().find(int(rds_id))

system = GKSystem.getSystem()
# Configure the simulation according to the config file
config_file_location = os.path.join(input_folder, config_file)

modify_network_from_config_file(model, config_file_location)

logger.debug("executing replication... %s", replication_id)#build_network_end
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system.executeAction("execute", replication, [], "")

logger.debug("end replication... %s", replication_id)#build_network_end

run_method(kpi_function_name,
args=[model,replication_id, rds_id, input_folder,
os.path.join(input_folder, 'kpi.txt'),

iteration])

# console.save(model.getDocumentFileName().removesuffix('.ang') + f'_{iteration}.ang')
console.close()
if _name__=='_main__"
parser = argparse.ArgumentParser(

description="'Simulation runner. In charge of running each simulation.’

)

parser.add_argument("--input-folder", dest="input_folder', help='Folder with data not in right format')
parser.add_argument("--config-file", dest="config_file', help='Desired location for output')
parser.add_argument("--network", dest="network’, help='Path to ANG')
parser.add_argument("--replication-ids", dest="replication_ids', help='lds of replications separated by _')

parser.add_argument('--kpi-function-name', dest="kpi_function_name', help='The name of the kpi function.
It must be defined or imported in this script.')

parser.add_argument('--iteration', dest="iteration', help="The number of the iteration the algorithm is in')
parser.add_argument('--rds-id', dest="rds_id', help='The real data set for validation')
args = parser.parse_args()
print (args)
print (args.replication_ids)
replication_id = int(args.replication_ids)
rds_id = int(args.rds_id)
main(
args.input_folder,
args.config_file,
args.network,
args.replication_ids,
args.rds_id,
args.kpi_function_name,

int(args.iteration)
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Annex lll: trajectorySetUp.py

import csv
import json
import os
import copy

import sys

import pandas as pd

from AAPI import *

configurationSetup = {
"FileFormat": None,
"InitialTimeStamp": None,
"EndTimeStamp": None,
"stepsInFile": None,

"FormatValid": None

data_trajectories = {
"egoVehicle": {
"id": None,
"aimsunid": None,
"positions": [],
"speeds": [],
2

"surroundingVehs": []

{
egoVehicle: {
"id": int
"aimsunid":int
"positions": float,
"speeds": float

L
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"surroundingVehs": [
{
"id": int
"aimsunid":int
"positions": [x1, x2, ...],
"speeds": [v1, v2, ...]
b
]

}

experimentFinish = None

statisticsEgoVehicle = {
"spacing":[],
"simulatedSpacing":[],
"speed":[],

"simulatedSpeed":[]

def read_config_trajectories(file_path):

try:
print(f"Llegint fitxer des de: {file_path}")
with open(file_path, 'r') as file:

data = json.load(file)

return data

except Exception as e:
print(f"Error llegint el fitxer: {e}")

raise

def readCARRSQFormat(file_path, configurationSetup):
global data_trajectories
global statisticsEgoVehicle
column_names = [

"vehicle_ID",
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"scenario_type",
"leader_speed",
"follower_position",
"follower_speed",
"spacing",
"time_frame",
"leader_position",
"leader_acceleration",
"follower_acceleration",
]
trajectory_description = pd.read_csv(
file_path,
sep="\t",
header=None,

names=co|umn_names,

vehinfo = {
"id": None,
"aimsunid": None,
"positions": [],

"speeds": []

vehInfo["id"] = trajectory_description["vehicle_ID"][0]

vehInfo["positions"] =
list(trajectory_description["follower_position"][0::configurationSetup|["settings"]["stepsInFile"]])

vehInfo["speeds"] =
list(trajectory_description["follower_speed"][0::configurationSetup["settings"]["stepsinFile"]])

data_trajectories["egoVehicle"] = copy.deepcopy(vehinfo)

vehinfo["id"] = None

vehlInfo["positions"] =
list(trajectory_description["leader_position"][0::configurationSetup["settings"]["stepsinFile"]])

vehInfo["speeds"] =
list(trajectory_description["leader_speed"][0::configurationSetup["settings"]["stepsInFile"]])

statisticsEgoVehicle["spacing"] =
list(trajectory_description["spacing"][0::configurationSetup["settings"]["stepsInFile"]])
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statisticsEgoVehicle["speed"] =
list(trajectory_description["follower_speed"][0::configurationSetup["settings"]["stepsInFile"]])

data_trajectories["surroundingVehs"].append(copy.deepcopy(vehinfo))

return

def setVehicleslnitialPosition(configurationSetup):

global data_trajectories

# Set Ego Vehicle

aimsunld = AKIPutVehTrafficOD(configurationSetup|["settings"]["idInitialSection"],
configurationSetup["settings"]["idlane"],
AKIVehGetVehTypelnternalPosition (configurationSetup(["settings"]["vehTypeEgo"]),
configurationSetup["settings"]["idOrigin"],
configurationSetup["settings"]["idDestination"],
data_trajectories["egoVehicle"]["positions"][0],
data_trajectories["egoVehicle"]["speeds"][0]*3.6,
1,
False, 0.0, 0.0)

data_trajectories["egoVehicle"]["aimsunid"] = aimsunld

data_trajectories["egoVehicle"]["positions"].pop(0)

data_trajectories["egoVehicle"]["speeds"].pop(0)

print("Added Ego Vehicle " + str(aimsunld))
# Set Sourrounding Vehicles
for veh in data_trajectories["surroundingVehs"]:
aimsunld = AKIPutVehTrafficOD(configurationSetup["settings"]["idInitialSection"],

configurationSetup|"settings"]["idlane"],

AKIVehGetVehTypelnternalPosition (configurationSetup["settings"]["vehTypeSurrounding"]),

configurationSetup|"settings"]["idOrigin"],
configurationSetup|["settings"]["idDestination"],
veh["positions"][0],
veh["speeds"][0]*3.6,
1,
False, 0.0, 0.0)

veh["aimsunid"] = aimsunld

veh["positions"].pop(0)
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veh["speeds"].pop(0)
print("Added Surrounding Vehicle " + str(aimsunld))

return

def updateSurroundingVehs(time, configurationSetup):
global data_trajectories
#Ego vehicle remove speed and position
if (len(data_trajectories["egoVehicle"]["positions"])>0):
data_trajectories["egoVehicle"]["positions"].pop(0)

data_trajectories["egoVehicle"]["speeds"].pop(0)

# Set Sourrounding Vehicles
for veh in data_trajectories["surroundingVehs"]:
if len(veh["speeds"])>0:

static_inf = AKIVehTrackedGetStaticInf(veh["aimsunid"])
a = DynInfVeh()
a.currentSpeed=float(veh["speeds"][0]*3.6)
a.xCurrentPos=float(veh["positions"][0])
a.xCurrentPosBack=a.xCurrentPos - static_inf.length
AKIVehSetVehicleTrackedDynInf(veh["aimsunid"],a)
#print("Updated Surrounding Vehicle " + str(veh["aimsunid"]))
veh["positions"].pop(0)
veh["speeds"].pop(0)

return

def collectSpacingSpeed(time, configurationSetup):
global data_trajectories

global statisticsEgoVehicle

staticInf = AKIVehTrackedGetLeaderVehInf(data_trajectories["egoVehicle"]["aimsunid"])

infVeh = AKIVehTrackedGetInf(data_trajectories["egoVehicle"]["aimsunid"])

if staticInf.spacing<100 and staticlnf.spacing>=0:
statisticsEgoVehicle["simulatedSpacing"].append(staticinf.spacing)
statisticsEgoVehicle["simulatedSpeed"].append(infVeh.CurrentSpeed/3.6)

return

def removeVehs(time, configurationSetup):
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global data_trajectories

#Ego vehicle

AKIVehTrackedRemove(data_trajectories["egoVehicle"]["aimsunid"])

# Set Sourrounding Vehicles

for veh in data_trajectories["surroundingVehs"]:
AKIVehTrackedRemove(veh["aimsunid"])

return

def AAPILoad():

return O

def AAPIInit():
global configurationSetup
global data_trajectories

global experimentFinish

experimentFinish = False

networkPath = AKIInfNetGetNetworkPathA()

full_pathConfigurationFile = os.path.join(networkPath, "Trajectories", "configTrajectories.json")
configurationSetup = read_config_trajectories(full_pathConfigurationFile)
print(configurationSetup["settings"]["FileFormat"])
print(configurationSetup["settings"]["InitialTimeStamp"])
print(configurationSetup["settings"]["EndTimeStamp"])

print(configurationSetup["settings"]["stepsInFile"])

print(configurationSetup["settings"]["FileName"])

if (configurationSetup["settings"]["FileFormat"] == "CARRS-Q"):
configurationSetup["settings"]["FormatValid"] = True

readCARRSQFormat(os.path.join(networkPath,
"Trajectories",configurationSetup["settings"]["FileName"]), configurationSetup)

else:
configurationSetup|["settings"]["FormatValid"] = False

print("No trajectory file format described")

return O

def AAPISimulationReady():

global configurationSetup
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global data_trajectories
setVehicleslnitialPosition(configurationSetup)

return O

def AAPIManage(time, timeSta, timeTrans, acycle):
global configurationSetup
global data_trajectories

global experimentFinish

if (experimentFinish == False and time > configurationSetup["settings"]["EndTimeStamp"]):
experimentFinish = True

removeVehs(time, configurationSetup)

if experimentFinish == False:

updateSurroundingVehs(time, configurationSetup)

return 0

def AAPIPostManage(time, timeSta, timeTrans, acycle):
global configurationSetup
global data_trajectories
global experimentFinish
if experimentFinish == False:
collectSpacingSpeed(time, configurationSetup)

return O

def AAPIFinish():
global statisticsEgoVehicle
AKIPrintString( "AAPIFinish" )
networkPath = AKIInfNetGetNetworkPathA()
csv_file_path = os.path.join(networkPath,"simulationOutput.csv")

header = ["Spacing", "SimulatedSpacing", "Speed", "SimulatedSpeed"]

with open(csv_file_path, mode='w', newline=") as file:
writer = csv.writer(file)
writer.writerow(header)

for spacing, simSpacing, speed, simulatedSpeed in zip(statisticsEgoVehicle["spacing"],
statisticsEgoVehicle["simulatedSpacing"], statisticsEgoVehicle["speed"],
statisticsEgoVehicle["simulatedSpeed"]):




writer.writerow([spacing, simSpacing, speed, simulatedSpeed])

return O

def AAPIUnLoad():

return O

def AAPIPreRouteChoiceCalculation(time, timeSta):

return 0

def AAPIEnterVehicle(idveh, idsection):
global counter
AKIVehSetAsTracked(idveh)
return O

def AAPIExitVehicle(idveh, idsection):

AKIVehSetAsNoTracked(idveh)

return O

def AAPIEnterPedestrian(idPedestrian, originCentroid):

return 0

def AAPIExitPedestrian(idPedestrian, destinationCentroid):

return O

def AAPIEnterVehicleSection(idveh, idsection, atime):

return 0

def AAPIExitVehicleSection(idveh, idsection, atime):

return O

def AAPIVehicleStartParking (idveh, idsection, time):
return O

def AAPIActionActivated(idAction):
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return O

def AAPIActionDeactivated(idAction):

return O
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