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6.1 Introduction

A number of urban driving situations are nowadays still too challenging to be han-
dled by an autonomous driving system, and intervention from humans inside the
vehicle may be necessary. In this chapter, a novel human-in-the-loop approach based
on a traded control architecture is proposed to improve the performance of the ADS
by increasing the interaction between the human and the ADS and maintaining a
mutual understanding environment. The chapter starts by describing the functional
architecture of the supervisor in section 6.2. Then, it introduces the concept of can-
didate suitability in section 6.3, which is used to determine the complexity level of
the current driving (section 6.4), the level of driving automation (section 6.5), and,
ultimately, the Required Involvement Level (RIL) for the human pilot on board (sec-
tion 6.6). Next, the developed human-machine interface is described in section 6.7.
The chapter concludes with a use case in an urban environment to illustrate the per-
formance of the supervisor, presented in section 6.8.

6.2 Functional Architecture

The block diagram of Figure 6.1 depicts the architecture of this module, where it can
be seen that the module receives the set of decision variables ® from the trajectory
generator, and uses that information to evaluate the suitability of the candidates and
estimate the complexity of the driving scene. On the other hand, the supervisor
interacts with the human pilot using an onboard HMI and a DMS to set the LoDA
and the RIL.
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FIGURE 6.1: Supervisor architecture and its interaction with other
modules of the ADS.

6.3 Candidates Suitability

The complexity level of the driving scene is estimated based on how appropriate
the trajectory set I' is according to the current driving scene, i.e. if there are several
trajectory candidates able to handle the driving scene properly, the scene complexity
is low, but if there are few -or none- candidates which are able to handle the current
situation, the scene complexity increases. This approach does not measure the com-
plexity based on some predefined complexity indicators, but it rather obtains how
well the trajectory generator is handling the current situation, which is more rele-
vant for the trading control strategy. To that end, the concept of candidate suitability
is proposed next. The suitability of a trajectory candidate ¢ € I is a binary value
computed using its decision variables, as follows:

o = 1, if D5 > Vpe{0,..,3}
0, otherwhise. (6.1)

ce{0,..,Nr—1}

being ! ., p € {0, ...,3} the minimum values required for the DVs of the candidate
(except the length) to determine if it is suitable or not. So, while a valid candidate is
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6.3. Candidates Suitability

able to handle the situation even compromising safety or comfort, a suitable candi-
date handles the situation correctly in all evaluated aspects.

Next, two driving scenes are presented to show how the suitability of the trajec-
tory set varies in different situations. The configuration parameters used for these
experiments are depicted in Table 6.1.

TABLE 6.1: Configuration parameters for inter-distance model testing

scenarios.
Parameter Value
Np 800
Nsp 4

p?ﬂm (Lon. Comfort) 0.45
@}m‘n (Lat. Comfort) 0.3
o2, (Safety) 0.6
pfn i, (Utility) 0.2

From this configuration, it can be concluded that the maximum possible number
of valid trajectories would be 3200, in case all paths and all speed profiles are valid.
Also, it can be observed that safety had the largest priority when evaluating the
suitability of the candidates, this is because the main objective of the traded control
on an automated vehicle is to increase safety during the driving task.

The first driving scene is a single-lane roundabout with heavy traffic, where the
EV is performing a merging maneuver. Figure 6.2 shows the EV, the positions of
Qov, the candidate set I' and the waypoints WW. The color code used to plot the
candidates indicates their suitability: the green candidates are suitable, while the
red candidates are not.

Y position (m)

20 10

X position (m)

FIGURE 6.2: Driving scene of a roundabout to test the candidates’
suitability.
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Figure 6.3 shows the reachability map of © using the same color code as Fig-
ure 6.2. The figure depicts the value of the decision variables for each candidate, as
well as the suitability limits ¢,,;, using a cyan line. All candidates with every DV
over the limit line are suitable.

Weighted value of DV

O |
Lon. Comfort Lat. Comfort Safety Utility Length
Decision variables

FIGURE 6.3: Reachability map of ® for a roundabout scenario.
Suitable candidates are plotted in green.

For this scenario, there were Nt = 1464 valid trajectory candidates to evaluate.
The DV with the greatest influence on the suitability of the candidates was lateral
comfort (only 31.7% of the candidates were suitable for this DV), followed by safety,
with a percentage of 58.1%. The performance for the longitudinal comfort (98.7% of
suitable candidates) and the utility (100% of suitable candidates) DVs was generally
good for the trajectory set. After taking into account all DVs, 384 out of 1464 were
suitable (26.2%).

The second driving scenario is a two-lane highway with a medium level of traf-
fic. Two different planning instants are presented to show how the suitability of ©®
varies depending on the type of maneuver. Figure 6.4 shows the traffic status for the
selected planning instants on the driving scenario. In the first of them (Figure 6.5a)
the EV is following the blue vehicle and all candidates are practically straight due
to the geometry of the navigation corridor. On the other hand, during the second
planning instant (Figure 6.5b) the EV is performing a lane-change maneuver, and
the candidates are being generated on the adjacent-left corridor. It can be observed
in this driving scene that the suitable candidates are in the middle of the trajectory
set; the candidates ending on the first waypoints require higher lateral accelerations,
while some of the candidates ending in the final waypoints reduce safety due to the
proximity with the blue vehicle.

Figure 6.5 shows the suitability maps of © for the two planning instants of in-
terest. Figure 6.5a shows that most of the candidates were suitable, there were
only a few of them that did not reach the minimum limit regarding lateral com-
fort (94.5% of the candidates were suitable for this DV). These candidates with poor
performance on the lateral comfort are mostly short candidates with low curvature
but with higher values on its derivative, due to the proximity of the Bézier control
points. In general, this traffic scene is simple for the trajectory generator since all
3200 candidates were valid and 3024 of them (94.5%) were suitable.

Figure 6.5b shows that during the overtaking maneuver when the driving scene
gets more complex to handle for the trajectory generator. The performance on all
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DVs was reduced, compared to the first scene, but the two DVs with the worst per-
formance were the lateral comfort (with only 63.9% of the candidates being suitable
on this DV) and the safety (88.9% of suitable candidates). The longitudinal comfort
had 99.4% suitability, and the utility, 100%. After combining all of the DVs, 1485 out
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FIGURE 6.4: Suitability of candidates in a highway scenario. (A) Can-
didates set when following leader vehicle. (B) Candidates set during
an overtaking maneuver.
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FIGURE 6.5: Suitability of candidates in a following scenario.
(A) Suitability map based on the DV of the candidates. (B) Suitability
map based on the DV of the candidates
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Chapter 6. SUPERVISOR

of the 2832 valid candidates, were suitable, which represents 53.1%.

Let Ng be the number of suitable candidates for the current driving scene and
©~., be the suitability percentage of the driving scene for a planning instant k. The
value of pf, is computed as the mean of the ratio between N5 and Nt for the last
N, planning instants, as follows:

Ny, —1 k—i
1 su NS

ko -
sen = N, 1;:) N;(fi

6.2)

This operation provides a steadier value over time to avoid bouncing effects on
the scene complexity estimation, and it also reduces the dynamics of the variable,
so an adequate or poor performance must be consolidated before updating the com-
plexity level, and therefore, on the RIL of the human pilot.

6.4 Scene Complexity

The complexity level of the scene is determined with an FSM that uses the suitabil-
ity percentage of the driving scene to determine the current state out of the set of
possible states:

Sc = {Complex, Medium, Simple, Basic}

The state diagram to determine the complexity level ¥ € Sc is depicted in Fig-
ure 6.6, and the description of the state-changing conditions is presented in Table 6.2.

Cbs
| Basic Csh Simple ’
A
Ces Cms| Com

Y

‘ Complex ’4&”—C| Medium ’

FIGURE 6.6: FSM to estimate scene complexity.

The complexity level varies when p’s‘m exceeds a series of thresholds: Ceomp, Cred,
Gsimp and Cpgs. If € = Complex, this state is maintained until the scene is considered
simple, so the behavior of the FSM is more stable in complex scenarios. Let t.. be
the period of time the system has been on the current complexity level; once the
complexity level state has been updated, it is not possible to change to a simpler
state while ¢, is lower than a predetermined threshold t¢;, although, it is possible to
change to a more complex level without this time condition. When the autonomous
driving mode is engaged, the initial status of the complexity level is 4 = Medium by
default.
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6.5. Level of Driving Automation

TABLE 6.2: State transition conditions for the complexity level FSM.

Name Definition
Chs @]s(cn < (gsimp
Csb @ls(cn > Gpas N tec > teL
Ces ©kn > Coimp N o > ter
Cinc p]s(cn < (gcomp
Cms pé(cn > Cgsimp Nt > ter
Csm pé(cn < Cned

6.5 Level of Driving Automation

The SAE J3016 standard [3] is used as a starting point to define the levels of driv-
ing automation used in this work. Nevertheless, even though the proposed levels
of automation are based on the SAE levels, they do not correspond exactly to the
standard definition. Given that a complete disengagement from the human driver
may cause dangerous situations if the person is required to intervene, SAE Level 3
is discouraged by many authors [25], as an alternative to this situation the LoDA
3 was modified to require more or less engagement from the human depending on
the driving scene complexity, and the human was maintained on-the-loop by using a
DMS to estimate the engagement status and an HMI to display the decision-making
status. On the other hand, the LoDA 1 of the standard was not implemented because
a driver assistance system is out of the scope of this project. Table 6.3 presents the
proposed behavior of the autonomous driving system according to each LoDA. De-
pending on the LoDA, different driving styles are adopted by the EV, and the level
of interaction with the people on board varies as well.

The proper LoDA for the ego-vehicle is automatically determined by the super-
visor using the FSM depicted in Figure 6.7. The set of possible states of the LoDA
FSM is:

Sr = {LoDAg, LoDA;, LoDA3, LoDA,, Safe-Stop}

Besides the automation levels described in Table 6.3, there is a fifth state named
Safe-Stop, which is proposed to handle critical situations when the human operator
is not involved at all, this state can only be reached from &7 = LoDAy. If this state is
reached, the speed profiles for the trajectories apply a constant deceleration until the
ego-vehicle gets to 0 km /h. The &/ = Safe-Stop state is maintained until the human
operator uses the HMI to resume autonomous driving or take over the wheel.

The transitions between states (described in Table 6.4) depend on (i) the com-
plexity level ¢, (ii) the responsiveness of the human operator to the HMI requests,
and (iii) the involvement level measured by the DMS system.

The involved variables in Table 6.4 are described next:

* f an action requested by the human pilot from the HML
* f = AD is a shift-to-autonomous mode request.
* £ = MD is a shift-to-manual mode request.

* f = RSis aresume driving request.
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TABLE 6.3: Description of the levels of driving automation imple-
mented for the traded control task.

Automation level Description
L Manual mode. The human pilot is in charge of everything. The
oDA 0 . . .
supervisor only displays warnings on the HML
Automated mode with conservative driving parameters. Safer can-
didates are chosen rather than risky ones, and more conservative
driving parameters are established. The supervisor suggests the
LoDA 2 human pilot to take over the wheel if the scene becomes complex.
The involvement level requested to the human pilot is high, in case
the human is not as involved as the supervisor requests, a visual
and audible warning will trigger on the HML
Automated mode with normal-driving parameters. The supervisor
may request the human pilot to be ready to take control if the scene
becomes complex but also can change to the highest LoDA if the
LoDA 3 scene has a basic complexity level. The involvement level requested
to the human pilot depends on the complexity of the scene, in case
the human is not as involved as the supervisor requests, a visual
and audible warning will trigger on the HMI.
Highly automated mode with normal-driving parameters. The su-
pervisor does not request involvement from the human pilot in any
situation. In case the scene becomes consistently complex during a
LoDA 4 determined period of time, if the DMS detects that the human pilot
is completely disengaged from the driving task, a safe-stop maneu-
ver is performed, if the human pilot is engaged in the driving task,
the level of automation is changed back to LoDA 3.

SE—
LoDA4
Css
. 4
Ve N\
(& _
Safe-Stop C40 C43 C34
-
Cso
Y _\74; Y
Ve N 4 N Cos h
Cyo >
LoDAg LoDA Cso LoDAg
A ‘ A
632
Cos

FIGURE 6.7: FSM to establish the LoDA.

* t, is the response time from the human after a request prompted in the HMI.
* Jhuman is the current involvement of the human pilot estimated by the DMS.

See Section 6.7 for more details about the possible actions using the HML
The initial state for the LoDA is &/ = LoDA i.e. manual driving. The only way to
leave this state is through a # = AD request from the HMI. The autonomous mode
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TABLE 6.4: State transition conditions for the LoDA FSM.

Name Definition
co3 h=AD
C3) ® = Complex A h =0 A t, > tygr
€23 ¢ = Simple
C34 % = Basic
C43 ® = Complex A t, > tcg
45 ¢ = Complex A Fhyman = LOW
Cso h= RS
Cs0 A= MD
€20 h = MD
€30 A= MD
C40 =MD

is initialized in &7 = LoDA3. If the complexity of the scene gets to ¢ = Complex, the
supervisor displays a warning using the HMI and starts counting the response time
t, to detect if the human takes control of the vehicle; if the response time gets greater
than twr seconds, without any response from the human pilot, the state is changed
automatically to &/ = LoDA;. On the other hand, if &7 = LoDA3 and the complexity
reduces to ¢ = Simple, the automation level is changed to highly automated mode
o/ = LoDA4. Once in that level, the ADS handles all situations, and only leaves this
state if the scene complexity is ¢ = Complex during a period of time higher than tcg
seconds, the new state depends on the current value of .%,,,,,,,: if the human pilot
is ready to take control (.#,,,,., = HIGH), the following state is <7 = LoDA3, on the
other hand, if the driver is not engaged in the driving task (-%;,;,,, = LOW), the fol-
lowing state would be &7 = Safe-Stop and the EV will stop. Section 7.2.4 details the
onboard DMS of the EV and Section 8.3.4 describes a real-life demonstrator where
the ADS was integrated with a DMS on the testing vehicle. The automation level
o/ = LoDAg can be reached from any state using the HMI on board, i.e. the human
pilot wants to take control of the vehicle, and this is the only way to get to this state.

In case &/ = LoDA,, different driving parameters of the trajectory generator and
the maneuver planner are updated to have a more conservative driving style. The
list of modified parameters is depicted in Table 6.5. Regarding the trajectory genera-
tor, the maximum driving speed v,y is reduced, also the comfort acceleration limits
L are reduced, the weights of the merit function are updated to prioritize safety and
reduce the priority of utility, and the minimum distance of the inter-distance model
d. is increased. Regarding the maneuver planner, the term v, is reduced, which
increases the size of the gaps to consider lane changes, and reduces the utility of
adjacent navigation corridors.

6.6 Required Involvement Level
Once the complexity level of the driving scene ¢ and the level of driving automation

</ are established, both variables are combined to request an involvement level to
the human pilot, which is a binary variable:
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TABLE 6.5: Safe driving parameters for LoDA 2.

Parameter Value
Umax Umax,safe
L Lsafe
w Weafe
dc desafe
Up On,safe
Uop Uop,safe
RiL = {LOW , HIGH} (6.3)

To that end, the correspondence matrix presented in Table 6.6 is used.

TABLE 6.6: Traffic-regulation restrictions on speed profile generation.

€

Complex Medium Simple Basic

4
LoDAp HIGH HIGH HIGH HIGH

LoDAj3 HIGH HIGH LOW LOW
LoDAy LOW LOW LOW LOW

Notice that as the level of automation increases, the requested involvement from
the human operator gets lower. In .o/ = LoDA,, the human must be involved all the
time no matter the scene complexity, in case of &7 = LoDA3z, the required involvement
level varies according to the complexity of the scene, more complex scenes require
higher involvement; finally, if &/ = LoDA4, no involvement is required from the hu-
man operator at all. If the involvement level estimated by the DMS .#,,,,,,,,, is lower
than the one requested, an audiovisual alarm will be prompted in the HMI. Even
though the development of a DMS was not in the scope of this work, the supervisor
was integrated with a third-party DMS described in section 7.2.4.

6.7 Human-Machine Interface

The EV has an onboard HMI to interact with the human pilot which shows the navi-
gation map, the position of the EV, the current trajectory, the requested involvement
level, the estimated driver status, and different warnings, among other information.
Furthermore, there are different actions the human pilot can perform using buttons
on the HMI. Let H be the finite set of possible actions, defined as:

H ={AD, MD, SS, RS, RNR, ANR, COT} (6.4)

The current action £ € H activates the autonomous mode driving when £ = AD.
In case £ = MD, the human pilot takes control of the vehicle and autonomous driv-
ing is disengaged. If the current action is # = SS, the level of driving automation is
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updated to &/ = Safe-Stop, and a safe-stop maneuver is performed by the trajec-
tory generator; the autonomous driving can be resumed if # = RS. When the current
action is # = RNR, a new global route is requested from the HMI to a specific desti-
nation point. Also, if the current route is completely blocked, the maneuver planner
computes an alternative route (if there is any available), which is shown in the HMI
and has to be confirmed by the human pilot; this confirmation is # = ANR. An
example of this situation is presented in the demonstrator described in section 8.3.3.
Finally, if an overtaking maneuver on an opposite lane is being performed by the
EV, this maneuver can be manually canceled by the human from the HMI, in this
case, i = COT. Figure 6.8 shows the information displayed on the HMI during a

navigation mission.
Involvement of the COMPLEX DRIVING AREA: KEEP AN EYE Driving mode
human pilot (DMS) butgton
Required
involvement level | Safe-stop
button

Ego-vehicle
speed

Ego-vehicle
trayectory

FIGURE 6.8: HMI elements description.

The required involvement level is shown in the HMI with different icons accord-
ing to the value of RiL. These icons are presented in Figure 6.9a. On the other hand,
the Z,;man level is also presented in the HMI using the icons of Figure 6.9b.

Manual Driving Automated Driving
= O -
\ 4 \ N
2 (113)) = i~
e 4 4
Full involvement High involvement Low involvement Completely involved Distracted/Sleep
(A) (B)

FIGURE 6.9: Traded control HMI icons. (A) Requested involvement
levels. (B) DMS involvement levels.

The computation of a new global route takes into account the current position of
the EV (p.g0) and the destination point (py.,). The latter can be selected from the HMI
using a bird-view of the digital map. After the maneuver planner has computed the
global route, it is presented in the HMI for the human pilot to confirm it. Figure 6.10
presents an example of a global route as presented in the HMI for the testing track
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of the Centre for Automation and Robotics. The global route is highlighted in green,
and it starts from the current position of the EV and ends at the selected destination
point.

FIGURE 6.10: Selecting a global route from the HML

6.8 Use case for Supervisor

The performance of the supervisor is evidenced in an urban scenario with cross-
roads and roundabouts in a realistic simulation environment. The scene difficulty,
level of driving automation and required involvement level of the human pilot are
adapted to the traffic status as the vehicle travels along the urban environments, as
described later in this section. Table 6.7 shows the configuration parameters used for
the experiment, being Lax = {accr max , decrmax , 1at 2 oy} the maximum accelera-
tion limits in normal mode and Lgfemax = {4¢CL safe max » A€CL safemax » 10t s safemax
the maximum acceleration limits in safe driving mode.

The complete trajectory followed by the EV during the experiment is presented
in Figure 6.11. The color of the path corresponds to the current value of 2 along the
travel: orange is for &/ = LoDA2, green is for &/ = LoDA3 and blue for <&/ = LoDA4.
The figure also identifies some of the traffic scenarios found along the route of the
experiment. In the setup of the experiment, the ego-vehicle first encountered a four-
way crossroads (CR) with three OVs incoming and outgoing from it; then, two T-
shape intersections (T1 and T2) and finally two roundabouts (R1 and R2) on the
global route. R1 was configured to have heavy traffic, and R2 to be traffic-free. It
can be observed how the LoDA is reduced when approaching the intersections and
roundabouts, and it is maintained that way during the complex areas.

In the interest of showing the traffic status at different moments of the experi-
ment, four relevant time steps —marked in Figure 6.11 as A, B, C, D— are detailed
in Figure 6.12, which depicts the status of the HMI for those time steps. It can be
observed that for A, B, and C, there are OVs present on CR, T1, and R1, respectively.
In those cases, the supervisor is displaying a warning of a complex scenario on the
HMI, and there is a high involvement level required from the human pilot. For time
step D, there are no OVs and the scenario is a straight road, so there is no complex
scenario warning, and the required involvement level is low.
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TABLE 6.7: Configuration parameters for supervisor module use

case.
Parameter Value Units
Unax 50 km/h
Unmax,safe 25 km/h
Lonax {25,20, 2.0} m/s?
Liafemax {2.0,15, 1.5} m/ s
w {0.7, 0.7, 0.6, 04} -
Weafe {09, 03,0.7, 0.1}

d. 7 m
desafe 13 m
Uy 1.0 —
Un,safe 0.3 —
tur 0.2 s
Geomp 25% -
Grmied 45% —
Csimp 65% —
Cras 80% —
Omin {0.6, 0.6, 0.7, 0.2} —
ter 10 S
twr 4 S
tcs 15 s
Nsy 5 —
Np 900 -
Nsp 4 —

Figure 6.13 plots the data of the traded control module during the experiment.
This data includes candidates’ suitability (6.13a), scene complexity level (6.13b),
level of driving automation (6.13c) and required involvement level (6.13d). The dot-
ted vertical lines emphasize the moments where the EV crossed the yielding lines of
the regulatory elements highlighted in Figure 6.11.

The evolution of the experiment over time as the EV navigates through the dif-
ferent regulatory elements is described next:

* Before crossing CR:
- Atthe beginning of the experiment, the complexity level was set to " = Medium,
and the LoDA was set to .2/ = LoDA3.

— Since the EV was driving on a straight road with no traffic, the suitability
scene pk., increased at the beginning of the experiment and, after 10 s, the
complexity level changed to ¢ = Simple;
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FIGURE 6.11: Complete trajectory followed by the EV in the use case
for the supervisor.

FIGURE 6.12: HMI status regarding four relevant time steps during
the use case, marked in Figure 6.11 as A, B, C, D.
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FIGURE 6.13: Traded control data during the supervisor use case.
(A) Candidates’ suitability. (B) Scene complexity level. (C) Level of
driving automation. (D) Required involvement level.

— As the EV approached the CR regulatory element, the value of suitabil-

ity reduced, getting to pX., < (Ccomp) 5 seconds before stopping on the
yielding line. The scene complexity was updated at that moment.

- A warning of a complex zone was displayed on the HMI, and, since the

human pilot decided to leave the vehicle in autonomous mode, the LoDA
reduced 4 seconds later to &7 = LoDA2. It remained that way until the EV
crossed completely the CR zone.
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¢ Between CR and T1:

— The suitability increased again after completing CR and the complexity
and the LoDA changed to ¢ = Simple and &/ = LoDA3, respectively.

— When crossing T1, the suitability is reduced due to the traffic conditions
(this is the time step shown in Figure 6.12b).

— Figure 6.14 shows the current state of the driving scene at that moment,
as well as the set of trajectory candidates distinguishing the suitable and
not suitable ones. At this time step the EV is crossing the yielding line
of the T intersection with a green OV very close to it on the adjacent lane
and a purple leader OV in the current lane. All candidates that invade
the adjacent lane lead the EV to hard braking and dangerous situations,
hence, all of these candidates are not suitable.

— The reachability map of the decision variables set ® is displayed in Fig-
ure 6.15, which also shows the suitability limits ©,,;, using a cyan line. In
this case, there were 3136 valid trajectory candidates and only 215 of them
were suitable, which results in an instant scene suitability percentage of
6.8%.
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FIGURE 6.14: Driving scene during T1 for the supervisor use case
experiment.

¢ During T1 and T2:

— Once T1 was completed the suitability of the scene started to increase and
the scene complexity got to ¥ = Simple before reaching T2, remaining
that way until the EV approached the first roundabout R1.

¢ Crossing R1 and R2:

— When the EV approached R1 the suitability was affected due to the high
traffic and the road topology (see Figure 6.12c), the complexity level was
updated to ¢ = Complex and the LoDA was reduced 4 seconds later since
the human pilot did not take control over the vehicle.
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FIGURE 6.15: Reachability map of ® for T1 RE. Suitable candidates
are plotted in green.

— The traded control status remained this way until both roundabouts were
crossed.

* Highway zone:

— Towards the end of the experiment, the EV reached a highway scenario
with no traffic and it could almost reach the maximum level of suitability,
getting to a complexity level ¥ = Basic and reaching the maximum level
of driving automation ./ = LoDA4.

Figure 6.16 shows the complete speed profile during the travel of this use case.
The figure shows the limits vy and gy 50 Using green and red dotted lines, re-
spectively; and the time periods where .27 = LoDA2 are highlighted in orange. The
speed profile shows a smooth behavior of the EV for handling all traffic scenarios
of the experiment. The vehicle only stopped on the yielding line of CR and R1, and
reduced the speed to cross T1, T2, and R2. Besides, it can be observed how the
speed limit v,y 54 re Was fulfilled when the automation level imposed a conservative
driving behavior.
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FIGURE 6.16: Speed profile for the complete experiment of the super-
visor use case.
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7.1 Introduction

The algorithms described in chapters 4-6 were validated and tested both in real and
simulation environments. This chapter describes the architecture of the testing vehi-
cle of Autopia in section 7.2. It also presents the inter-process communication frame-
work used in the ADS, in section 7.3. Finally, section 7.4 depicts the framework im-
plemented to evaluate the ADS algorithms using a software-in-the-loop architecture
with realistic simulation scenarios.

7.2 Testing Vehicle

All the autonomous driving algorithms proposed in this Ph.D. thesis were validated
in a real vehicle from Autopia’s fleet. The testing vehicle is a standard Citroen DS3
modified to include different sensors and actuators; these modifications allow to
control the vehicle autonomously. Figure 7.1 shows the hardware components in-
corporated into the vehicle.
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FIGURE 7.1: Testing vehicle components.

7.2.1 Sensors

Regarding the onboard sensors, the vehicle was equipped with a Trimble BX982
Global Navigation Satellite System (GNSS) receiver, which is able to provide a high
accuracy position (~ 2 c¢m) due to differential real-time kinematic GNSS correction
from the reference station; this sensor is configured to provide a 20 Hz data rate.

On the other hand, three LiDAR sensors were placed in the vehicle: two Velo-
dyne VLP-16 on the roof and one Ibeo Lux on the front. The VLP-16 provides infor-
mation of 16 vertical layers (between —15 deg and +15 deg) with a horizontal field
of 360 deg and a distance range of 100 m. The Ibeo Lux has 4 vertical layers (between
—1.6 deg and +1.6 deg and a horizontal view of 85 deg and a range of 200 m.

7.2.2 Actuators

The vehicle is controlled by handling four commands: steering wheel, brake, throt-
tle, and gears. The first two commands are controlled using two actuators mounted
on the vehicle, as depicted in Figure 7.1, while the throttle is controlled with an elec-
tric signal generated with a digital-to-analog converter. The gears may be configured
using a set of relays controlled by a digital module, nevertheless, in this work they
are controlled by the automatic gearbox of the vehicle. The reference positions of
these commands are generated by the tracking control module.

Regarding the steering wheel, a DC gearbox-motor (12V-24V, 60A) was coupled
to the steering wheel shaft, and a low-level PID control was used to control the po-
sition of the motor by sending a reference position normalized between [—1 : 1].
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With the current hardware configuration, the position of the steering wheel can be
set between [—37 rad : 37 rad]| with a maximum angular speed of 4.712 rad /s.

The brake actuator was another DC gearbox motor (12V-24V, 60A) mounted on
the braking pedal in a way that does not interfere with the manual operation of this
command. This motor is also controlled by a low-level PID controller that sets the
current position of the motor according to a reference position normalized between
Oand 1.

For safety reasons, the actuators are disabled if the reference signal is not re-
freshed for a period of time of 250 ms. Also, these commands can be deactivated
manually at any time by using the actuator switches located on the roof of the vehi-
cle (see image 10 in Figure 7.1).

7.2.3 Other equipment

There are two main processing units installed in the vehicle. The first of them is a
CQ77G InCar-PC, with an Intel Core i7-8700T 6x4.0 GHz CPU, an NVIDIA GeForce
GTX 1060 GPU, and 32 GB of RAM. This PC is running a Linux-based OS and it is
used to execute the autonomous driving algorithm proposed in this work.

The second processing unit is an Nvidia Drive PX2 platform, an embedded sys-
tem suited for sensor data fusion and processing tasks. This device has two Tegra X2
SoCs with ARM v8 architecture CPUs with 12 cores in total, where each of the SoCs
has four ARM-A57 and two Denver cores and 8 GB LPDDR4 memory, and an inte-
grated GPU with Pascal architecture. This unit is used for running the perception
and motion prediction tasks.

Both devices are displayed on a 10" screen located in the front of the vehicle.
This screen offers a developer-oriented interface, where different programs can be
launched and debugged.

The vehicle is also equipped with different modules that allow exchanging infor-
mation with other vehicles and with the infrastructure. The communication mod-
ules in the vehicle are a Commsignia roadside unit ITS-RS4 & an onboard unit
ITS-OB4. These devices are compatible with IEEE 802.11p and offer a high-level
V2X software development kit, which provides basic services such as Cooperative
Awareness and Decentralized Environmental Notification; and day-one applications
such as Forward Collision Warning and Lane Change Warning.

The last component is an Android-based 10" tablet mounted in the front of the
vehicle to be used as a final user HMI. The user interface described in section 6.7 is
executed in this device.

7.24 Driver monitoring system

The implementation of a driver monitoring system was out of the scope of this work,
but in order to implement a functional human-in-the-loop architecture, the ADS was
designed to interact with a third-party monitoring system, which was developed by
the company ROVIMATICA [163]. This DMS is able to estimate the drowsiness of
the human pilot on board using a near-infrared camera and processing the imagery
data with a CNN that receives as input the head pose and eye blinking/yawning
rates. Figure 7.2 shows the status of the DMS at different moments during a driving
experiment. In Figure 7.2a the driver was focused on the driving task and the status
is ok (green circle at the bottom of the figure); conversely, in Figure 7.2b the driver
was not engaged in the driving task, and the alarm of the DMS was activated (red
circle at the bottom of the figure).
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FIGURE 7.2: DMS user interface. (A) Involved driver. (B) Asleep
driver.

7.3 Inter-Process Communication

This section describes how the multiple processes running in multiple devices on
the testing vehicle communicate with each other efficiently. Even though there are
several options to establish an inter-process communication infrastructure, the alter-
native adopted in the testing platforms of Autopia is the Lightweight Communica-
tion and Marshalling (LCM) API [164]. This API provides a set of libraries and tools
for inter-process communication in real-time systems, which is based on a publish-
subscribe message passing model using UDP multicast. This architecture allows
processes to broadcast data across a specific channel designated by a unique name,
and subscribe to the channels they require to complete their task. Furthermore, by
employing UDP multicast, the bandwidth required for one message transmission is
independent of the number of subscribers.

The advantages of LCM include (i) the possibility of defining customized mes-
sages accordingly to the requirements of the application instead of adapting the ap-
plication to predefined messages; (ii) the multi-platform and multi-language com-
patibility brings flexibility to the system and allows incorporating new modules in
different types of platforms; (iii) it provides marshalling capabilities to encode and
decode the messages instead of using human-readable strings [165]; and (iv) the API
provides different tools to debug the system, such as a logger, a log-player for offline
replaying or a spy tool to visualize data in real-time.

Figure 7.3 depicts the interaction between the different modules of the automated
vehicle and the LCM API in the system’s network. It can be seen that there are three
main categories of components connected to the LCM API: Perception, Actuators,
and ADS. There are also three other modules that do not belong to any category:
HMI, Motion prediction, and V2X communications. A brief description of the dif-
ferent modules is presented below.
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FIGURE 7.3: LCM network implemented in the testing vehicle.

7.3.1 Perception modules

Each of the sensors described in section 7.2.1 sends its information using a specific
interface to a reader module in charge of creating an LCM message and publishing it
to the LCM network using a specific-sensor channel and predefined data rate. Any
module that needs the information of a sensor must subscribe to the corresponding
LCM channel. In the case of the DMS sensor, the image processing module imple-
ments the CNN described in section 7.2.4 and publishes a boolean variable indicat-
ing the status of the driver. In-car sensors refer to the set of proprioceptive sensors
included in the vehicle by default, which measure different variables like the gear-
box status, the brake system, and the speed of the vehicle, among others; Their data
is transmitted via CAN bus.

The obstacles state estimator uses the LiIDARs information and the current state
of the ego-vehicle to estimate the status of the obstacles present in the scene; the
description of this module is presented in [166]. The output of this module is a finite
set of obstacles with their current state and approximate size.

Finally, the EV state estimator fuses information from the GNSS and the onboard
sensors to obtain a more reliable state using a Kalman filter strategy.

Table 7.1 depicts the LCM messages regarding the perception modules and their
data rates.
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TABLE 7.1: LCM messages of perception modules.

LCM channel Datarate  Description

Contains information about the status of the
CAN_CAR_GEARBOX 100 Hz gearbox such as the driving mode or the current
gear.

Contains the current fuel consumption level of

CAN_CAR_CONSUMPTION 10 Hz the vehicle.

Contains the data about the state of the steer-
CAN_CAR_STEERING 100 Hz ing wheel, namely its current angle, speed, or
torque, among others.

Contains the pressure applied to the braking
CAN_CAR_BRAKE_ABS 100 Hz system, the yaw rate, and the lateral accelera-
tion of the vehicle.

Contains the vehicle ignition state and a binary

CAN_CAR_CABIN 20 Hz state of the braking pedal.

CAN_CAR_ENGINE 100 Hz Contains the status of the engine like RPM or
current torque.

CAN_CAR._SPEED 25 Haz Contains the longitudinal speed and accelera-

tion of the vehicle.

Contains data regarding the GNSS like the lat-
GNSS_DATA 20 Hz itude, longitude, UTM coordinates, number of
satellites, and quality of service, among others.

Contains two binary variables, one indicating
DMS_STATUS 1 Hz the current status of the human driver, and the
other indicating the reliability of the measure.

Contains the current state of the ego-vehicle, po-

EV_STATE 20 Hz sition, heading, speed, and acceleration.

Contains a set of obstacles, each of them de-

OBSTACLES _STATE 12.5 Hz scribed with a pose and a bounding box.

7.3.2 Actuators modules

Each actuator module described in section 7.2.2 is controlled with an LCM channel
and a normalized reference value. In order to achieve this, there are three low-level
software modules subscribed to the corresponding LCM channel which decode the
data and set a goal position (or voltage in the case of the throttle) to the correspond-
ing actuator. The messages to control the actuators are sent by the trajectory track-
ing control module at a constant rate. Table 7.2 shows the LCM messages associated
with each actuator.

7.3.3 ADS modules

The ADS is composed of the three modules described in previous chapters: the ma-
neuver planner, the trajectory generator, and the supervisor.

The maneuver planner subscribes to different LCM channels of the perception
modules such as the state of the EV, or the state of the obstacles, but also to the HMI
messages regarding the global route. It publishes the global route when requested
or in case an alternative route is needed.
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TABLE 7.2: LCM messages of actuator modules.

LCM channel Datarate  Description

Contains a normalized value between 0 and 1, being

CONTROL_THROTTLE 20 Hz 0 no throttle at all and 1 full throttle.

Contains a normalized value between 0 and 1, being

CONTROL_BRAKE 20 Hz 0 no braking at all and 1 full braking.

Contains a normalized value between -1 and 1, being
CONTROL_STEERING 20 Hz -1 full steering to the right and 1 full steering to the
left.

The trajectory generator also uses the perception information and publishes the
reference trajectory T, so that it can be displayed by the HMI and used by the
motion prediction module.

The supervisor uses data from the DMS and the HMI and publishes the status
of the traded control variables such as the current level of driving automation, the
requested involvement level, or different warnings in case a complex scenario arises
or the driver is not sufficiently involved.

Table 7.3 summarizes the LCM messages published by the ADS modules. None
of these messages is published at a fixed data rate, so this field is not included in the
table.

TABLE 7.3: LCM messages of ADS modules.

LCM channel Description

NEW_GLOBAL_ROUTE Contains a set of the global route lanelets IDs

Contains information regarding the current trajectory
TRAJECTORY_REFERENCE like the path coordinates, the speed, and the accelera-
tion.

Contains the status of the traded control variables such
TRADED_CONTROL_STATUS as the LoDA level, the scene complexity, the RiL, and the
driver involvement level.

Contains a set of binary values that activates different
warnings on the HM], it includes GNSS poor quality, a
complex area found, or low involvement level from the
human.

HMI_WARNINGS

7.3.4 Other modules

The four remaining modules in the system are the trajectory tracking control, the
HMI, the motion prediction, and the V2X communications.

The trajectory tracking control receives the reference trajectory through a specific
interface. It needs the information on the EV state in order to compute the proper
commands to track the reference trajectory properly.

The HMI subscribes to different LCM perception channels to display information
about the driving scene. It also subscribes to the traded control LCM channel to dis-
play the required involvement level and to the warnings channel to alert the human
pilot when necessary. It publishes different requests to the ADS, like computing a
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new global route, switching the driving mode, performing a safe stop maneuver, or
canceling an overtaking maneuver.

The motion prediction module creates the prediction grids ® o using data from
the obstacles, the state of the EV, and the current trajectory; a detailed architecture of
this module can be found in [167]. These grids are published into the LCM network.

Finally, the V2X communications module publishes messages regarding the data
received from other traffic agents using Collective Perception Message (CPM) and
Cooperative Awareness Message (CAM) standards.

Table 7.4 summarizes the LCM messages published by the mentioned modules.

TABLE 7.4: LCM messages of independent modules.

LCM channel Description

Contains the coordinates of the destination

HMI_NEW_ROUTE_REQUEST point selected in the HMI.

Contains a binary value to establish the desired
HMI_DRIVING_MODE_REQUEST driving mode: 1 is autonomous mode, 0 is man-
ual mode .

Contains a binary value where 1 indicates that
a safe-stop maneuver is requested, and 0 indi-
cates that autonomous driving may be resumed
from the safe-stop mode.

HMI_SAFE_STOP_REQUEST

Contains a binary value where 1 indicates that
HMI_CANCEL_OVERTAKING_REQUEST  the current overtaking maneuver must be can-
celed by the ADS.

Contains the set of grids with the predicted po-
MOTION_PREDICTION sitions of the obstacles present on the current
scene in a defined time horizon.

Contains the current state of other vehicles driv-
CMS_CAM ing on the scene received via V2V communica-
tions.

Contains the perceived obstacles by other traf-
CMS_CPM fic agents, received via V2I or V2V communica-
tions.

7.4 Simulation Environment

This section describes the software architecture implemented to facilitate the inter-
action between the high-level software for AVs and a realistic state-of-the-art simu-
lator. The number of driving situations and environment variables makes validation
almost intractable with real vehicles on open roads, and testing reproducibility can
only be achieved via simulation. A robust simulation framework allows to test the
control algorithms of AVs safely in complex scenarios and to improve wrong behav-
iors when specific conditions are met.
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7.4.1 Simulator description

The simulation software used in this thesis is SCANeR Studio by AV Simulation
[168], which is a software suite for automotive simulation, addressing both test-
ing and driving for AVs, human-machine interactions or driving assistance systems.
This tool provides all the necessary modules to build a realistic virtual world: road
environment, vehicle dynamics, traffic, sensors, real or virtual drivers, headlights,
weather conditions, and scenario customization. Figure 7.4 shows the physical setup
of Autopia’s simulator.

FIGURE 7.4: Physical setup of the simulator.

7.4.2 Vehicle model

SCANeR Studio provides the possibility of using a high-detail dynamic model of the
vehicles named CALLAS model. The CALLAS model is a nonlinear model including
vertical, lateral, and longitudinal dynamics. The key features of this model include
the engine performance according to the environmental conditions; the transmission
includes dynamics related to the clutch, continuous variable transmission, and the
torque converter; the suspension uses non-linear dynamics sensible to acceleration
and temperature; electronic components like ABS, ESP, cruise control or automatic
gearing are included in the model as well.

A CALLAS model was used to replicate the testing vehicle of Autopia on the
simulation software, which includes a detailed 3D model of the real vehicle, and
moreover, customized dynamics parameters like the torque curves of the engine, the
gear-shifting policy, the speed of the steering wheel or the brake pressure. Figure 7.5
shows both the real vehicle and the simulation twin.

In order to verify the performance of the CALLAS model when compared to the
real vehicle, a testing experiment was proposed where different throttle reference
values were set to each vehicle during 100 m and then a constant brake reference
was applied until the vehicle completely stops. The longitudinal speeds and accel-
erations of both vehicles after completing two experiments are shown in Figure 7.6.
During the first experiment (Figure 7.6a) a 30% throttle reference was applied, fol-
lowed by a 30% braking reference. In the second experiment (Figure 7.6b), a 50%
throttle reference was set during the first 100 m followed by a 30% brake reference.
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FIGURE 7.5: (A) Real and (B) simulated testing vehicles.
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FIGURE 7.6: Longitudinal dynamics comparison between the real
vehicle and the CALLAS model. (A) 30% throttle command.
(B) 50% throttle command.

The figures show a very similar performance between the real and the simu-
lated vehicle, reaching an almost identical speed at 100 m and having a comparable
deceleration profile. It can be observed that both vehicles performed gear shifting
at similar moments during the experiment (marked with vertical grey lines in the
tigures), being the largest error the first gear shifting during the first experiment,
where the simulated vehicle changed the gear 3.4 m before the real one. During the
gear-shifting process, the real vehicle showed smoother acceleration curves.

To compare the steering wheel behavior of the real and simulated vehicle, dif-
ferent reference positions were set over time when the vehicles were stopped. The
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resulting steering wheel angles for both vehicles are plotted in Figure 7.7. In this
case, the steering wheel positions were almost identical, with a maximum error of
0.12 rad in very specific moments.
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FIGURE 7.7: Testing vehicle components.

7.4.3 Software-in-the-loop architecture

SCANEeR Studio includes an API that allows users to personalize their interactions
with it by creating their own modules that can access and modify data from a run-
ning simulation. This API also enables the developer to control vehicles and pedes-
trians, change the scenario’s parameters, and retrieve sensory data. The network
protocol to manage this information notifies the state changes of the elements in-
volved in the simulation and allows sending messages to individual modules in
order to control them. One advantage of this technology is that the users can create
their own modules in any programming language that can load the given dynamic
libraries, in order to transmit and receive the proper network signals.

This modular architecture was used to implement a customized middleware to
handle the simulated vehicle as if it were the real one, so the same ADS software
could be used to control both. This software-in-the-loop approach simplified the
deployment of the ADS algorithms since the exact same software could be verified
in simulation before validating it on the real vehicle.

Two custom-built SCANeR modules were developed with the aim of implement-
ing the proposed architecture: the first for handling the perception and the second
for handling the actuators of the simulated vehicle. The perception process receives
messages from SCANeR Studio and transmits them through LCM periodically, with
the same data rates as the modules in the real vehicle. This module transmits in-
formation about the vehicle state, the built-in sensors, the steering wheel state, the
GNSS location, and the state of the surrounding obstacles. The actuator process, on
the other hand, receives messages from the LCM API and sends them to the SCANeR
Studio network in order to control the vehicle. This module also emulates the be-
havior of the actuators implemented in the real vehicle to handle the steering wheel
and the breaking pedal. This architecture is depicted in Figure 7.8.

An example of a software-in-the-loop simulation execution is presented in Fig-
ure 7.9. The running simulation in SCANeR studio is shown in Figure 7.9a, while
the status of the ADS software is depicted in Figure 7.9b.
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Mission handler

In case the developer needs to evaluate the ADS algorithms using realistic traffic
scenarios based on datasets, the simulation can be handled from a Mission Handler
module that reads the information from previously selected datasets and generates
the virtual scene in the simulator. Then the ADS algorithms interact with the simu-
lator by reading the state of the vehicles and sending commands to the EV using the
LCM APL

Using this approach, it is possible to test the complete system in a simulated sce-
nario where, even though the virtual vehicles are spawned from the original posi-
tions of the dataset and acquire the same planned behavior, they still have the ability
to react to the ego-vehicle’s actions during simulation.

The mission handler is in charge of sending the appropriate commands to a traf-
fic handling module (see Figure 7.8), which receives commands through the LCM
API and sets different goals for the OVs e.g. driving speed or lane-change com-
mands during the simulation. Thus, the simulated scene recreates the real one as ac-
curately as possible by reading a simulation script that contains a set of commands
synchronized with the dataset vehicle evolution while the simulation is running.

The simulation script language used by the mission handler was developed in
this Ph.D. thesis, as well as the algorithm to verify its integrity and execute the com-
mands by sending the corresponding actions to SCANeR Studio. This scripting lan-
guage contains different actions, including creating a vehicle in a specific position,
setting a traveling speed, forcing a lane-change maneuver, or configuring a predeter-
mined itinerary for an OV. Table 7.5 details each of the possible commands included
in a simulation script.

The dataset-based simulated scenarios of section 5.7.2, which were used to val-
idate the speed profile algorithm in roundabouts, as well as the scenario of the
demonstrator depicted in section 8.4.3, were implemented using the mission han-
dler described above to replicate the behavior of the real vehicles.
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TABLE 7.5: Set of functions to handle a realistic simulation based on
scripts.

Function name

Parameters

Description

set_ego_destination

wait_until

create_vehicle

set_vehicle_max_speed

set_vehicle_lane_change

set_vehicle_itinerary

<UTM_east>,
<UTM_north>

<time>

<name>,
<id>,
<pos_x>,
<pos_y>,
<heading>,
<speed>,
<sign>

<id>,
<goal_speed>

<id>,
<shift_value>,
<time_to_shift>

<id>,
<add>,

<n_directions>,
<direction[1]>,
<direction[2]>,

This function will set the destination point for the
ego-vehicle. It is mandatory for all script files and
it must be the first instruction on the file since the
destination is required in order to start the mis-
sion.

This function will prevent the following in-
structions from being executed until this time
is reached on the simulation. The parameter
<time> is a float.

This function will create a new vehicle in the
scene with a given state. The parameter name de-
fines the type of vehicle that will be created (for
example “Citroen C4”). The coordinates for the
vehicles are referenced to the SCANeR scenario
frame. ID 0 is reserved for the ego-vehicle. The
heading’s units are degrees and the speed’s units
are km/h. The <sign> parameter is an optional
boolean value that decides if the obstacle must
obey traffic signs or discard them.

This function will set the maximum speed for a
given vehicle. The speed is a value in km /h.

This function will perform a lane change for a
given vehicle. The shift_value will perform a
left-lane change when set to 1 and a right-lane
change when set to -1. The time_to_shift pa-
rameter determines the maximum time to per-
form the maneuver.

This function will set the itinerary of a vehicle.
A complete itinerary will be formed by an ar-
ray of intersection IDs and the number of the de-
sired exit at each intersection. The exit number
starts at 0 being the right-most exit of the inter-
section. The parameter ‘add’ is set to 1 to append
the itinerary, and 0 to overwrite the existing one.
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8.1 Introduction

Being able to run the algorithms in real-time and on real scenarios was one of the
objectives of this Ph.D. thesis since it evidences how the system is able to handle
real-life problems such as perception uncertainty, limited computation capability,
and hardware-software interactions, among others. This chapter depicts seven dif-
ferent demonstrators conducted in the real vehicle in different types of urban sce-
narios, which are introduced in section 8.2. Each demonstrator highlights different
capabilities of the ADS, and, together, they illustrate the scope of this Ph.D. thesis.
The demonstrators are part of Autopia’s results in two European projects: Prystine
(2018-2021) [169] (see section 8.3) and New Control (2019-2023) [170] (see section
8.4). A set of videos for the demonstrators are listed in section 8.5.

8.2 Demonstrators Description
A brief description of each demonstrator is presented next.

¢ Urban intersection: In this demonstrator the EV and two other vehicles are
approaching an intersection from different roads. The EV has to perform a left
turn at the intersection and manage a pedestrian crossing located after the in-
tersection, where a pedestrian will cross when the EV approaches. The results
of this demonstrator show the ability of the maneuver planner to handle differ-
ent types of REs, and also how the trajectory generator properly adapts to the
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strategic restrictions, by stopping before the yielding lines while maintaining
smooth driving at all times. Figure 8.1 shows the experimental setup for the
demonstrator, plotting the initial positions of the vehicles, the pedestrian, and
the REs on the road.

FIGURE 8.1: Experimental setup of the urban intersection demonstra-
tor.

¢ Overtaking in a two-way street: In this demonstrator, the EV has to perform
an overtaking maneuver, but on the opposite lane there is an oncoming vehi-
cle, which means that the EV has to wait until the opposite lane is free before
overtaking the leader vehicle on its lane. During the experiment, it can be ob-
served how the maneuver planner selects the most effective lane while taking
into account the safety gaps. The experimental setup of this demonstrator is
depicted in Figure 8.2.

FIGURE 8.2: Experimental setup of the overtaking in a two-way street
demonstrator.

* Cooperative re-routing on blocked road: In this demonstrator, depicted in
Figure 8.3, the EV is driving on a two-way road and suddenly discovers that
all the lanes on the current road are blocked by some roadworks. The ma-
neuver planner finds an alternative global route to reach the destination point.
The new route is prompted to the human driver through the HMI, and it has to
be manually accepted in order to be considered by the ADS. This demonstra-
tor highlights the human-machine interaction skills of the system, and it also
presents an analysis of the dynamic variables like speeds and accelerations
during the experiment.
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FIGURE 8.3: Experiment setup of the road-works demonstrator.

* Human-in-the-loop automated driving: This demonstrator presents a sce-
nario where the EV is driving in autonomous mode while the DMS is estimat-
ing the drowsiness level of the human driver (see Figure 8.4). At some point
during the automated driving, the human driver falls asleep but the navigation
continues normally. After some time, a complex scenario is found and a safe-
stop maneuver is performed due to the driver’s unavailability. Autonomous
driving is resumed manually by the human once awake. This demonstrator il-
lustrates the human-in-the-loop capabilities of the system since the supervisor
is able to find the most pertinent level of driving automation according to the
driving scene and safely handle a complex situation while the human is not
ready to take control of the vehicle.

FIGURE 8.4: Experimental setup of the human-in-the-loop automated
driving demonstrator.

¢ Unexpected behavior of an OV in a roundabout: In this demonstrator, an OV
suddenly stops while driving inside a roundabout. The EV, which has merged
into the roundabout after that particular OV, avoids it using the inner lane of
the roundabout safely, to take the intended exit afterward. This demonstra-
tor emphasizes the trajectory generation and evaluation process on a complex
scenario and shows the resulting path and speed profiles during the complete
experiment. The experimental setup is presented in Figure 8.5.

¢ Merging into a roundabout with traffic: The EV has to merge into a round-
about between two OVs in a safe, yet comfortable manner. The speed profile
generation process while merging into the roundabout is presented, as well as
the dynamic variables and the gaps with respect to the OVs for the complete
experiment. This demonstrator shows the ability of the trajectory generator
to efficiently adapt the speed profile of the EV during difficult situations. The
experimental setup is presented in Figure 8.6.
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ov? suddenly stops

FIGURE 8.5: Experimental setup of the unexpected behavior on a
roundabout demonstrator.

FIGURE 8.6: Complete path of the merging into a roundabout with
traffic demonstrator.

¢ Integration with IAMP: This demonstrator shows the performance compari-
son of the trajectory generator when using two motion prediction strategies:
Constant Speed Motion Prediction (CSMP) and Interaction Aware Motion Pre-
diction (IAMP) [167]. This is the only demonstrator tested on simulation, nev-
ertheless, it is a dataset-based realistic scenario. The layout of the driving sce-
nario of this demonstrator is presented in Figure 8.7.

8.2.1 Configuration parameters

The default configuration parameters used for these demonstrators are presented
in Table 8.1. In the cases where a specific parameter was modified for any of the
demonstrators, it is mentioned in the description of the corresponding experiment.
The table shows different parameters regarding the maneuver planner, the trajec-
tory generator, and the supervisor modules. For the maneuver planner, the parame-
ters involve the utility weights for the corridor selection and the parameters regard-
ing the traffic regulation state. Regarding the trajectory generator, the parameters
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FIGURE 8.7: Experimental setup for T-junction scenario.

TABLE 8.1: Default configuration parameters of the ADS for the

demonstrators.
Module Parameter Value Unit
Yoy 6 ~
Use 10 -
Uy 1 —
Maneuver planner 5::s’rdb {0, -2, 9 5.7} m
dom 10 m
to1 3 S
too 0.5 S
Np 800
Ngp 4 —
Umax 40 km/h
L {1.1,14,16} m/s?
Bimax 4 m/s?
Bouax,0v 1.5 m/ s
w {04, 0.9, 0.7, 0.99} -
Trajectory generator d; 5 m
A 1.38 -
Vg 7 km/h
Vaw 10 km/h
tyr 0.2 s
dsl 14 m
dy 5 m
5nl 15 m
Geomp 25% -
Ced 45% -
%simp 65% —
Gras 85% -
Supervisor ©min {0.5, 0.5, 0.6, 0.2} -
tcL 15 s
tWR 3 s
fcs 15 S
Nsy 5 —
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include the number of trajectory candidates, the speed and acceleration limits, the
weights of the merit function, and the parameters needed by the inter-distance and
merging models. Finally, for the supervisor module, the configuration parameters
set the scene complexity thresholds, the suitability limits for the decision variables,
and the time limits for the LoDA level updating. The safe parameters (mentioned
in Table 6.5) used when &/ = LoDA2, are set with the same values as the default
parameters, except for the human-in-the-loop automated driving demonstrator.

Vehicle parameters for planning

Even though a real vehicle is modeled using multiple parameters of different na-
tures, only those listed in Table 8.2 were used in the motion planning algorithm.

TABLE 8.2: Vehicle parameters used in the planning task.

Parameter Value Units
rear-axis-to-front distance 3.3 m
rear-axis-to-back distance 0.6 m
Wheelbase 2.464 ™m
Steering transmission ratio 16.36 -
Maximum steering wheel speed 4.712 rad/s
Maximum curvature 0.23 m1

The rear-axis-to-front distance defines the separation between the rear axis of the
vehicle (which is used as the reference frame of the EV) and the front of the vehicle;
this parameter is taken into account when computing the occupancy polygon of a
path candidate, when calculating the gaps with the OVs, or when computing the
speed profiles. The rear-axis-to-back distance is similar to the previous parameter,
but uses the rear of the vehicle instead; this parameter is involved in the calculation
of the gaps with the OVs. The wheelbase is used to compute the occupancy polygon
of a path candidate. The steering transmission ratio gives the relation between the
steering wheel angle and the front wheels; it is used together with the maximum
steering wheel speed in the limit-speed profile computation. The maximum curva-
ture defines the sharpest turning radio the EV can reach and it is used to discard
invalid paths.

8.3 Prystine Project Demonstrators

One of the goals of Prystine project was to be able to handle a human-in-the-loop
architecture with a dynamic assignation of the LoDA level. The first four demon-
strators presented in this section are embedded in this European project. Three of
these demonstrators were carried out on the proving grounds of Applus+ IDIADA,
in Tarragona, Spain. The fourth demonstrator was carried out on the testing track of
the Centre for Automation and Robotics in Madrid, Spain.

8.3.1 Urban intersection

The layout of this demonstrator locates the EV and two other vehicles (OV9,0vh
approaching an intersection from different roads. The EV has to cross the intersec-
tion, which involves driving over two different REs before reaching the destination.
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The first of them (¢°) is a right of way RE, and the EV is approaching from its yield-
ing lane, so OV? has higher priority. The second RE (¢!) is a pedestrian crossing
with a pedestrian (PD) waiting in the crossing area. A snapshot of the real experi-
ment on the proving grounds is shown in Figure 8.8.

FIGURE 8.8: Traffic status snapshot during the urban intersection
demonstrator.

The evolution of the experiment is presented in Figure 8.9 and it is described in
detail next:

* Once the autonomous mode was engaged, the maneuver planner immediately
detected the right of way RE ¢V (see Figure 8.9a), changing the traffic regula-
tion state from ¢gr = Go to ¢r = try to face the intersection.

* While driving in the latter state, the trajectory generator did not find a feasible
trajectory to merge before OV reached the intersection, so the EV stopped on
the yielding line during the interval t = [6.8 5,13 s] (Figure 8.9b).

e The condition ¢y, was triggered at t = 13 s because OV" did not intersect the
EV trajectory any longer, hence GD% — oo. At that moment gg = Go and
idy, = id% and, by doing this, this RE was omitted until its YL was completely
crossed.

* Since ¢° was no longer taken into account, the pedestrian crossing ' was
detected and the traffic regulation state changed to g = Aware. This state
only lasted one iteration and it was afterward updated to gg = Stop because
there was a pedestrian located in the crossing area.

e The EV started to move and crossed the yielding line of ¢° at t = 17.1 s (Fig-
ure 8.9¢) and stopped before the yielding line of ¢!. This state was maintained
until ¢+ = 27.1 s, when the pedestrian left the lane and trf, 1>t triggering the

¥
condition ¢, (Figure 8.9d).

¢ Once 1/)1 was crossed, and until the end of the experiment, the traffic regulation
status was ¢gg = Go.

The evolution of the traffic regulation state gz and the EV speed during the
demonstrator are plotted in Figure 8.10. To provide a higher context to the figure,
three events were highlighted using vertical dotted lines: the crossing of the yielding
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FIGURE 8.9: Status evolution of the urban intersection demonstrator.
(A) Traffic status at t = 1 5. (B) Traffic status at t = 13 s (C) Traffic
status at t = 17.1 s (D) Traffic status at t = 27.1 s.
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FIGURE 8.10: Traffic regulation state gg and speed profile all along
the urban intersection demonstrator.

line of °, the moment when the road on the pedestrian crossing had been free for
over ty seconds after the EV had stopped, and the crossing of the yielding line of

lpl

The speed profile shows how the EV started to brake at t = 2.2 s with the
¢r = Try state, to stop smoothly at the intersection, then, at t = 14 s it started mov-
ing even though the traffic regulation state was gr = Stop, this is because that state
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is regarding the pedestrian crossing, which is still far from the EV. The distance to
the yielding lines during the travel is plotted in Figure 8.11, which shows how the
EV stopped at 5.7 m and 5.9 m from YL% and YL}I,, respectively; which is expected,
given that the stop distance parameter was set to d, = 5 m. At the last section of
the experiment, the traffic regulation state is set to gg = Go as soon as the road on
the pedestrian crossing has been free for more than t,, seconds, and the EV is able
to drive and reach the destination point.
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FIGURE 8.11: Distance to the yielding lines of ¢° and ¢! during the
intersection demonstrator.

8.3.2 Overtaking in a two-way street

In this demonstrator the EV has to overtake another vehicle (OV?) while there is
an oncoming vehicle (OV1) in the opposite lane; hence, the EV has to wait until the
opposite lane is free before performing the overtaking maneuver. Figure 8.12 shows
the status of the vehicles during the experiment. Notice that in order to increase the
perception distance of the EV and, therefore, to be able to detect OV correctly while
it is in front of OV?, the Collective Perception Service was implemented between the
EV and OV [166].

FIGURE 8.12: Traffic status during the overtaking in a two-way street
demonstrator.

There are two possible corridors for the EV in this case. The first one is the right

corridor (£?), which is also the initial corridor of the EV. The second one is the left
corridor ('), which is located on an opposite-way lane, so the (5OP% flag is activated.

187



Chapter 8. DEMONSTRATORS

Figure 8.13 shows the probability assigned to each corridor during the travel, using
a color code to represent their status, as follows: blue indicates that {7 = ¢ T r1ec;
green means that {7 is available, but {7 # {T; and grey is referred to the situation
where the gaps of (7 are not valid at the moment.

Corridor selected Corridor available but not selected Corridor not available
1
3 g08
g -_g 0.6
> 3504
3 &2
— .
O | | \ | | | | | -
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FIGURE 8.13: Probability of P({7 = {T) for the (A) left and (B) right
corridors during the overtaking demonstrator.

The evolution of the overtaking demonstrator is presented in Figure 8.14. A de-
tailed description is presented next:

¢ At the beginning of the experiment, the right-hand corridor lane was selected
as the target corridor since P({° = {T) = 0.66. At that moment, the gap with
respect to OV! was larger than 100 m, so it was considered safe, but the value
of P(Z' = ZT) was low.

» Att = 8 s (see Figure 8.14a), the gap of ! was not considered safe anymore
and this corridor became unreachable until t = 19.8 s (Figure 8.14b), when
the target corridor also changed, as P(! = ¢7) > P(Z° = ¢7), triggering a
lane-change maneuver.

¢ At the beginning of the overtaking maneuver the HMI prompted the option of
canceling the overtaking maneuver (see Figure 8.15), this option was available
as long as the gap of ¥ was still safe due to the proximity between the EV and
OVY. Figure 8.14c shows the status of the vehicles when the gap of {° was not
valid anymore, and it was not possible to go back.

* When the EV over passed OV? at t = 25.5 s, the probability of the target cor-
ridor changed notably, and P({* = ¢T) < P(¢° = ¢7), but the gap acceptance
model did not allow to select this corridor yet.

e Att = 30 s (Figure 8.14d) the EV started the lane-changing maneuver back to
the original lane, in order to complete the overtaking maneuver.
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FIGURE 8.14: Time evolution of the overtaking traffic scene. (A) traf-
fic status at t = 8 s. (B) traffic status at t = 19.5 s (C) traffic status at
t = 23.7 s (D) traffic status at t = 30 s.

3 OPTIONS

FIGURE 8.15: HMI status during the overtaking maneuver.

The gaps between the EV and OV?, OV during the experiment are plotted in
Figure 8.16. Every positive gap means that the OV is ahead of the EV. For this exper-
iment, OV started 45 m ahead of the EV and, due to the collaborative perception,
OV! was detected at a distance of 120 m. Four time instants are highlighted in the
figure using vertical dotted lines, which match with the four time steps plotted in
Figure 8.14. This figure provides accurate information about the behavior of the ma-
neuver planner, as it shows that (i) the opposite lane became unreachable when OV
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was 78 m away; (ii) OV! was detected until it was 17 m behind the EV, and at that
moment the opposite lane became available; (iii) the right-most corridor stopped be-
ing available when the gap with respect to OV? was 23.7 m and (iv) the right-most
corridor was considered safe again when the lag gap was GGg = 31.5m.
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FIGURE 8.16: Gaps with respect to OV? and OV'! during the overtak-
ing demonstrator.

8.3.3 Cooperative re-routing on blocked road demonstrator

In this demonstrator, the EV started driving on a traffic-free two-way road, and
then it found that all navigation corridors on the global route were blocked by some
roadworks; at that point, the EV finds an obstacle-free navigation corridor available
which, although not included on the global route, could also reach the destination
point. Figure 8.17 shows the status of the trajectory generation process when the
roadworks were detected.
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FIGURE 8.17: Trajectory set in the original route of the cooperative
re-routing on blocked road demonstrator.

The figure shows two obstacles located on the current and adjacent-left naviga-
tion corridors; the current corridor is colored in blue, and the adjacent-left corridor is
colored in grey, meaning it was not available for selection. A third corridor, plotted
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in green, is plotted in the figure, which was not blocked by any obstacle. When the
maneuver planner identified that all corridors on the original route were blocked, it
searched for an alternative global route to reach the destination.

In this case, the maneuver planner found an alternative route and proposed it
to the human driver through the HMI. The request is depicted in Figure 8.18. The
navigation corridors of any alternative route are not considered by the maneuver
planner until it is manually confirmed by the human.

FIGURE 8.18: Alternative route request.

Since the human driver confirmed the alternative route during the demonstrator,
the obstacle-free corridor was selected as {', and the trajectory candidates were cre-
ated over its waypoints, as shown in Figure 8.19a. The real-life status of the demon-
strator at this moment is depicted in Figure 8.19b.
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FIGURE 8.19: New route acceptance. (A) Trajectory set in the new
route. (B) Snapshot of the real vehicle during the demonstrator.

The complete path followed by the EV during this demonstrator is depicted in
Figure 8.20. It shows how the alternative route was used, avoiding the blocking
roadworks, to finally reach the destination point.

The speed and acceleration profiles during the travel are plotted in Figure 8.21.
For this specific setup, the maximum speed was reduced to v, = 25 km/h, with
the intention of increasing the time window where the new route was proposed to
the human driver on the HMI. It can be observed how the EV gets to maximum
speed after t = 12.4 s, and how it started to brake at t = 17.6 s in order to make
the left turn on the alternative route in a comfortable way. The lateral acceleration
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FIGURE 8.20: Complete trajectory for roadworks demonstrator.

exceeded the limit lat; ,,,, during the entrance and exit of the alternative route due
to the longitudinal speed error when tracking the reference speed. The longitudinal
acceleration shows a smooth curve along the demonstrator, except at t = 9 s and
t = 24 s, when a gear-shifting was performed. Also, it only exceeded the positive
limit at the beginning of the experiment due to the error between the reference speed
and the real speed of the EV.

8.3.4 Human-in-the-loop automated driving

This demonstrator tested how the autonomous driving system performed using the
human-in-the-loop approach in a driving scenario where the drowsiness and fo-
cus levels of the driver were constantly being monitored by the system described
in section 7.2.4. In this demonstrator, the EV started driving in a rather simplistic
scenario, where the human on board simulated falling asleep as the vehicle was in
autonomous mode. Some configuration parameters were varied with respect to Ta-
ble 8.1, the list of the modified parameters and their values for this demonstrator is
presented in Table 8.3.

TABLE 8.3: Configuration parameters for the human-in-the-loop au-
tomated driving demonstrator.

Parameter Value Units
Umax 30 km/h
Umax,safe 20 km/h
Linax {13,15, 1.0} m/s?
Lo fe max {1.0, 1.0, 0.9} m/ s
w {0.7,0.5, 0.5, 0.99} —

Wiafe {0.7,04,08, 0.4} -
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FIGURE 8.21: Dynamic variables for the roadworks demonstrator.
(A) Longitudinal speed. (B) Longitudinal acceleration. (C) Lateral
acceleration.

All mentioned parameters have to do with the trajectory generator; they are set
to have a more conservative driving style when required. It can be observed how
the acceleration limits and the maximum speed are reduced for the conservative
driving style, and also the weights of the merit function are modified to increase the
relevance of the safety and reduce the relevance of the utility.

Figure 8.22 shows the complete path followed by the EV during the demonstra-
tor, using a color code to represent the level of driving automation. The description
of the demonstrator’s evolution is presented next:
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* The EV started at &/ = LoDA3, reaching &/ = LoDA4 after a while since there
were no OVs or challenging situations in the scene.

¢ The human driver fell asleep between the first and second turns, as marked in
Figure 8.22, but the autonomous driving process continued normally.
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FIGURE 8.22: Complete travel for the human-in-the-loop automated
driving demonstrator.

¢ In order to create a complex situation without including any other vehicles on
the driving scene for safety reasons, an extra condition in the suitability com-
putation was implemented temporarily in this demonstrator: every trajectory
candidate which intersected with the yielding line of a must-stop RE is consid-
ered unsuitable. Thus, the scene complexity is increased when this type of REs
is found.

¢ Using the mentioned strategy, the supervisor detected a complex scenario after
the third turn and, as the human driver was not ready to take over the control
of the vehicle, the level of driving automation was updated to «/ = Safe-Stop.

¢ The status of the demonstrator at this moment is presented in Figure 8.23,
which shows the view from inside the EV (8.23a), the HMI display (8.23b),
the graphic user interface of the ADS software (8.23c) and the camera image of
the DMS system (8.23d). The DMS image shows that the driver is asleep with
his eyes closed and his head down. The HMI shows the human driver is not
involved and also that the safe-stop mode has been activated.

¢ This mode is maintained until it is manually deactivated using the = RS
(Resume driving) option located at the right side of the HMI.
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FIGURE 8.23: Demonstrator status during safe-stop maneuver.
(A) Inside of the vehicle. (B) HMI. (C) Planner GUI. (D) DMS.

Figure 8.24 shows the LoDA during the travel, and Figure 8.25 shows the in-
volvement of the human driver estimated by the DMS, and the required involve-
ment level computed by the supervisor.
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FIGURE 8.24: Level of driving automation during the DMS demon-
strator.

The level of driving automation was set to &/ = LoDA4 from t = 8.3 s. The
driver fell asleep at t = 25.4 5, and the status of the DMS was changed from High
to Low. The scene complexity increased at t = 58.8 s and since the driver was still
not involved, the LoDA level changed to &/ = Safe-Stop. The driver woke up at
t = 63.4 s, and resumed autonomous driving from the HMI at t = 72 s, at that mo-
ment, the LoDA was set to &/ = LoDA2, which requires a high involvement level.
During this status, the driver stopped focusing on the road (f = 75 s), and an audio-
visual warning was triggered on the HMI, this situation is depicted in Figure 8.26.
From that moment on, autonomous driving continued with no complications.
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FIGURE 8.25: Measured and requested involvement on the DMS
demonstrator.

FIGURE 8.26: Demonstrator status after resuming autonomous driv-
ing. (A) DMS. (B) HMIL.
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FIGURE 8.27: Speed during the DMS demonstrator.

The speed of the EV during this demonstrator is presented in Figure 8.27. It
shows how the speed is reduced to make turns 1 and 2, then, the EV almost reached
maximum speed at t = 44 s. Once the safe-stop mode was activated, the speed was
immediately decreased until 0 km/h. When autonomous driving was resumed, the
safe speed limit was respected because .27 = LoDA2.

8.4 New Control Project Demonstrators

One of the goals of the New control European project was to implement adaptive
and predictive motion planning algorithms which consider the vehicle limitations,
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and the environment situation to achieve a holistic decision-making system. The
algorithms should be validated in urban and suburban simulated scenarios, in order
to implement them in demonstrator vehicles.

The following demonstrators were carried out in the testing track of the Centre
for Automation and Robotics, and they exhibit part of the CSIC’s contribution to this
project. Some design parameters were modified for these demonstrators regarding
the default parameters presented in section 8.2.1. The modified parameters are listed
in Table 8.4.

TABLE 8.4: Configuration parameters for the New Control real vehi-
cle demonstrators.

Parameter Value Units
Ny 1100 —
Umax 30 km/h
Linax {1.7,15,1.9} m/s?
w {09, 0.6, 0.8, 0.5} —

In this case, longitudinal comfort and safety were prioritized over lateral com-
fort and utility. Also, the number of candidates and the acceleration limits were
increased to improve the flexibility of the trajectory generator.

8.4.1 Unexpected behavior of an OV in a roundabout

In this demonstrator, the EV had to avoid a vehicle that stopped suddenly while
driving on the right-most lane of a roundabout. The EV had to manage the situation
by changing to the inner lane of the roundabout and then leaving the roundabout
at the intended exit. Figure 8.28 shows the valid trajectory candidates (704 in total)
once the grey OV has stopped and the maneuver planner has decided to make a
lane-change maneuver.
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FIGURE 8.28: Trajectory set during vehicle-evasion maneuver.
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It can be observed how the candidates closer to the stopped vehicle had the low-
est merit, compared to the further-most candidates. This is appreciated in the reach-
ability map I', which is plotted in Figure 8.29. As can be seen in the image, there is a
large number of candidates with very poor performance on the safety DV, which is
due to the closeness with the stopped vehicle. Many of these unsafe candidates have
a good performance on the lateral comfort DV, as expected since they have broader
curves.
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FIGURE 8.29: Reachability set during vehicle-evasion maneuver.

The selected candidate is highlighted in both figures using a dashed magenta
line. In Figure 8.28 it can be seen that the best trajectory candidate is not the one fur-
thest nor closest to the grey OV, but it is rather in between, which depicts a trade-off
between the lateral comfort and the safety of the candidate, as perceived in Fig-
ure 8.29.

The traffic status of the demonstrator on the analyzed scene is presented in Fig-
ure 8.30. It shows the EV driving on the roundabout and the grey OV stopped a few
meters ahead.

After the EV has avoided the stopped vehicle using the inner lane of the round-
about, it has to leave the roundabout at the intended exit. Figure 8.31 shows the tra-
jectory set once the outer-most corridor of the roundabout is considered safe again
by the maneuver planner. In this case, the geometry of the road was more irregular,
and there were only 60 valid trajectories. In such case, the best trajectory candidate

FIGURE 8.30: Real traffic status during the vehicle-evasion maneuver.
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has one of the longest paths, and one of the best performances on lateral acceleration,
safety, and utility DVs, as can be seen in the reachability map shown in Figure 8.32.
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FIGURE 8.31: Trajectory set during roundabout exit.
1
s 0.9
o .
2 4 0.8
208! / pape
“i or 0.7 é
= o 0.6
s 0.6 - » 0.5 §
B oal 043
= =}
2 038
5
=02+ 0.2
0.1
0 I \A/ I J 0
Lon. Comfort Lat. Comfort Safety Utility Length

Decision Variables

FIGURE 8.32: Reachability set during roundabout exit.

The complete path of this demonstrator is depicted in Figure 8.33. It shows that,
even though there was a tight space inside the roundabout to avoid the grey OV,
the maneuver was completed satisfactorily with a safe enough gap. It can also be
observed that the EV followed a smooth path during the whole demonstrator.

The path’s curvature is plotted in Figure 8.34. It can be observed that the curva-
ture was continuous all along the travel. The largest curvature was ¥ = —0.2m !,
which was reached at t = 12 s and it corresponded to the entrance of the round-
about. The lane change maneuver started at t = 16.1 s, and the maximum curvature
during that maneuver was x = 0.13 m~ L.

8.4.2 Merging into a roundabout with traffic

In this demonstrator, the merging-before model presented in section 5.5.4 was tested
in a real-life scenario, where the EV had to merge into a roundabout between two
OVs, in a safe manner. The results include the trajectory generation process during
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FIGURE 8.33: Complete path of the unexpected behavior on a round-
about demonstrator.
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FIGURE 8.34: Path curvature of the unexpected behavior on a round-
about demonstrator.

the merging maneuver, as well as a general analysis of speeds, accelerations, and
distances with respect to other OVs during the whole travel.

The trajectory generation process when merging into the roundabout is detailed
next. In Figure 8.35 it is presented the trajectory set I' as well as the positions of the
vehicles. There is a leader (OV') and a lag (OV") vehicle present in the scene and
the merging gap between them is around 25 m. Each trajectory is plotted using a
color code to represent its merit and the best candidate 7 is highlighted using a
magenta dashed line.

Figure 8.36 depicts the speed profile for the best trajectory candidate. The image
shows the limit-speed profile A**, the resulting speed profile V%!, and the current
speed of the OVs. As can be seen, the initial speed of the EV is v.q, = 7 km /h, while
the traveling speeds of the OVs are v, = 12 km/h and v}, = 16 km/h. The EV
accelerates at the beginning of the trajectory to guarantee a safe gap with respect to
OV until it reaches the limit-speed profile, which restrains the comfort limits.

The position evolution of the traffic agents during this maneuver is presented in
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FIGURE 8.36: Speed profile of the best trajectory candidate during the
merging maneuver.

Figure 8.37, where it can be seen that the EV is able to maintain its position between
the safe positions G¢ and Gp.

Figure 8.38 shows the status of the vehicles during the merging maneuver in the
demonstrator. Figure 8.38a presents an aerial view of the traffic scene, while 8.38b
shows the point of view of OV°.

The reference and real speeds of the EV during the demonstrator are plotted
in Figure 8.39. The figure shows how the limit speed vy = 7 km/h is set as the
reference speed from t = 8.5 s as the EV approaches to the roundabout and does
not find a trajectory to merge before OV!. Att = 12.5 s, the trajectory generator
finds a trajectory able to merge between the OVs and the EV starts to accelerate to
complete that maneuver. Once into the roundabout, the speed is limited by both the
navigation speed of OV and the curvature of the road and, in order to comfortably
leave the roundabout at the intended exit, the speed is reduced at t = 25.8 5.

The longitudinal and lateral accelerations during the demonstrator are plotted
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FIGURE 8.37: Position-on-path evolution and PCPs during the merg-
ing maneuver.

FIGURE 8.38: Demonstrator status during the merging maneuver.
(A) Aerial view. (B) Lag vehicle’s point of view.
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FIGURE 8.39: Reference and real speeds for the EV during the merg-
ing into a roundabout demonstrator.

in Figure 8.40. From the longitudinal acceleration data (Figure 8.40a) it can be con-

cluded that the trajectory planner was able to

drive the EV smoothly without sud-

den acceleration changes during the demonstrator. Also, the acceleration limits
of Table 8.4 were respected. Regarding the lateral acceleration, the highest values
were found once inside the roundabout after t = 17 s. In three different moments

(t = [17.55s,185 s, 26.4 s]) the maximum acc

eleration limit was exceeded, which

can be explained with the large tracking error of the longitudinal speed at those
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FIGURE 8.40: EV accelerations for the merging into a roundabout
with traffic demonstrator. (A) Longitudinal acceleration (B) Lateral
acceleration.

moments (See Figure 8.39).

Finally, the gaps regarding the OVs during the complete demonstrator are plot-
ted in Figure 8.41, being highlighted the time slot when the merging maneuver was
performed. The figure also shows the safe gap with respect to the lag OV, calcu-
lated using (5.40) with the parameters shown in Table 8.1 and its speed during the
merging maneuver. The average gaps for this time slot are presented in Figure 8.42.
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FIGURE 8.41: Gaps along time regarding OVs during merging
demonstrator.
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FIGURE 8.42: Average lead and lag gaps OVs during merging
demonstrator.

8.4.3 Integration with IAMP

As mentioned in section 5.5.2, the motion planning process can use different motion
prediction strategies in order to compute the PCPs used in the speed profile gener-
ation process. The motion planning task is a work of constant negotiation with the
rest of the traffic agents. An incorrect prediction due to either excess or deficiency
could cause the motion planning algorithm to adopt overly conservative or reck-
less behaviors that can eventually become a dangerous scenario. This demonstrator
compares (i) a feedback strategy between the interaction-aware motion prediction
(presented in [167]) and the motion planning strategy, with (ii) the linear-speed mo-
tion prediction model. The IAMP algorithm produces a probabilistic estimation of
the future positions and intentions of the surrounding vehicles by taking into ac-
count traffic rules, vehicle interaction, road geometry, and the reference trajectory of
the ego-vehicle.

To evaluate the performance of the motion planner, a total of four experiments
were executed in the demonstrator, two of them using CSMP and the other two
using JAMP. The experiments were compared using the KPIs described in Table 5.19,
computed from the resulting trajectory of the EV after completing the scenario.

The configuration parameters modified for this demonstrator are presented in
Table 8.5. The acceleration limits and the maximum speed were increased concern-
ing the default values, the number of trajectory candidates was reduced to improve
the computational cost, and the weights of the merit function were configured to
prioritize longitudinal comfort and safety rather than lateral comfort and utility.

TABLE 8.5: Configuration parameters for the New Control real vehi-
cle demonstrators.

Parameter Value Units
Np 500 —
Umax 50 km/h
Lnax {25,2.0,22} m/s?
w {09, 0.6,0.8,0.5} -

In the layout of the demonstrator, there is a Tjunction in a suburb of Heckstrasse,
Aachen. The main road has the right of way and there is a left turn lane into the side
road. The EV is located on the main road and has to cross the intersection completely.
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The distance between the EV and py,s is s = 140 m. There are two OVs that have
a larger interaction with the EV during this experiment: OV! and OV3. In the case
of OV3, it has to make a left turn to incorporate into the side road, crossing the
ego-lane; as for OV, it incorporates from the side road to the main road, on the
ego-lane. The scenario was recreated in SCANeR Studio using the software-in-the-
loop architecture depicted in Figure 7.8 and using the Mission handler module to
replicate a traffic scene from the inD public dataset [171].

Figure 8.43 shows the speed and acceleration profiles for the demonstrator. For
the CSMP-based experiments, the EV slowed down and stopped on the main road
for 2 seconds approximately, even though it should not stop at all since it was driving
on the priority road.
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FIGURE 8.43: Speed and acceleration profiles for the different exper-
iments on the integration with IAMP demonstrator. (A) Speed pro-
files. (B) Longitudinal acceleration profiles.

Note that this kind of maneuver (stopping on a priority road) is not only ineffi-
cient but also very dangerous and it may cause accidents with OVs driving behind
the EV since they would not expect this type of behavior. All experiments had very
similar speed profiles during s < 40 m, (which is the first t = 4.6 s of travel). At that
moment, the predictions for OV! using CSMP went through the ego-lane without
taking into account the roads’ priorities (see Figure 8.44a), which caused the EV to
reduce its speed. On the other hand, the predictions of the IAMP strategy take into
account the traffic rules and the predictions of OV! ended at the yielding line, as
can be seen in Figure 8.44b. As the EV kept traveling, it reached almost v,y for the
IAMP-based experiments at s = 70 m, while it kept reducing the speed at a rate of
Y = —24m/ s2 for the CSMP-based experiments. Finally, the EV reached the des-
tination point at t ~ 13.1 s for the IAMP-based experiments; as for the CSMP-based
experiments, the EV was completely stopped in the middle of the road at that mo-
ment. Due to this speed reduction from the EV, both OV!and OV3 merged into the
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Acceleration (m/s?)

FIGURE 8.44: Predictions for 2, 4 and 6 s for the demonstrator at
t = 5.8 5. The colors of the predictions match the corresponding OV.
(A) CSMP. (B) IAMP.

intersection before the EV, which affected the driving speed of the EV during the last
section of the travel, due to the low speed of OV after it merged into the main road.

The performance indicators of the experiments for this demonstrator are shown
in Figure 8.45. The longitudinal comfort-related indicators are better for the IAMP-
based experiments than for the CSMP-based experiments, this is due to the accel-
erations involved in the yielding maneuver on the Tunction. On the other hand,
the CSMP-based experiments showed a better performance on the lateral comfort-
related indicators, this can be explained by the lower speeds of these experiments,
which imply a low lateral acceleration. Nevertheless, the difference between the
maximum lateral acceleration between the CSMP and the IAMP-based experiments
is only A7y, ~ 0.28 m/s?. Regarding the RTTCE, both strategies presented a similar
performance, none of which indicates any dangerous situation. The main difference
in the performance of the experiments is presented in the travel time, which was
t = 13.1 s for IAMP-based experiments, and t = 25.7 s for CSMP-based experiments.
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FIGURE 8.45: Performance indicators for the different experiments on
the integration with IAMP demonstrator.
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8.5 Demonstrators’ Videos

Most of the demonstrators presented in this section have corresponding videos which
provide the reader with a broader context and a more complete point of view about
the functioning of the automated driving system proposed in this thesis. The videos
of the demonstrators are summarized below:

* Urban intersection: This video shows the evolution of the experiment from
different points of view while displaying the status of the HMI at all times.
Available at www.youtube. com/watch?v=1i0n0VP7fZ3A.

¢ Overtaking in a two-way street: This video presents the evolution of the over-
taking maneuver and how the EV waits until the opposite-way OV crosses
completely. Available at www.youtube.com/watch?v=0F40ov41tFE4.

¢ Cooperative re-routing on blocked road: The video presents how the alter-
native route is presented to the human driver and is used after it is manually
accepted. Available at https://www.youtube.com/watch?v=1ClwErSexs8.

¢ Human-in-the-loop automated driving : This video depicts a synchronized
status of the inside of the vehicle, the HMI, the DMS GUI, and the DMS video
streaming during the complete travel.
Available at https://www.youtube.com/watch?v=TLV9myrIkGS8.

¢ Unexpected behavior & merging into a roundabout: In this case, the same
video presents both (i) unexpected behavior inside a roundabout and (ii) merg-
ing into a roundabout with traffic demonstrators.
Available at https://www.youtube. com/watch?v=Zha-9FbHIAO.
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9.1 Introduction

This last chapter summarizes the developments presented in this manuscript in sec-
tion 9.2. It also presents future works and perspectives regarding the proposed au-
tonomous driving system in section 9.3. The chapter ends with the scientific dissem-
ination outcomes obtained in this Ph.D. thesis, listed in section 9.4.

9.2 Conclussions

This Ph.D. thesis presents the implementation of an autonomous driving system for
urban scenarios considering a human-in-the-loop approach. The proposed system is
formed by maneuver planner, motion planner, and supervisor modules, which inter-
act with each other to provide a comfortable, yet safe driving behavior. The system
was tested and validated in diverse real-life demonstrators with an instrumented
vehicle, and in realistic simulation environments with a software-in-the-loop archi-
tecture where the driving agents dynamically adjust their behavior according to the
evolution of the ego-vehicle. In the following sections, some concluding remarks for
each of the three main modules of the system are presented.
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9.21 Maneuver planning

A maneuver planner for automated vehicles was designed and implemented within
a hierarchical architecture to make tactical decisions about lane selection, regulatory-
elements handling, and trajectory-generation triggering. The lane-selection algo-
rithm uses a utility model which considers both the current traffic status and the
global route, while it ensures safety by applying a gap-acceptance model. The reg-
ulatory element handling is performed using an FSM that can manage right-of-way;,
must-stop, and pedestrian-crossing signals. The trajectory generation process is trig-
gered based on different traffic events like the detection of a new obstacle, a change
in the navigation corridor, or approaching the end of the current trajectory. The ma-
neuver planner establishes a set of restrictions that are taken into account by a mo-
tion planner to generate a reachable trajectory set, and finally, a valid trajectory for
the EV. The trajectory set is involved in the decision-making process, as the number
of valid candidates is taken into account to override a lane-changing maneuver, and
also the trajectory generator has the possibility of finding available gaps at intersec-
tions or roundabouts to decide if the vehicle merges without stopping or performs
a full stop in the yielding line of the signal. This approach provides flexibility and
robustness to the system in complex driving scenarios.

The decision-making architecture was validated in different urban scenarios like
intersections, multi-lane roads, and roundabouts; showing good performance in all
of them using a unique strategy.

9.2.2 Trajectory planning

The motion planner strategy proposed in this Ph.D. thesis consisted in computing a
set of trajectory candidates and selecting the best of them according to a merit func-
tion. This approach provides a scenario-independent trajectory generation strategy;,
able to handle safely many driving scenarios while maintaining comfort constraints.

The trajectory candidate generation process consists of finding a valid path and
then computing a set of possible speed profiles to follow. The path generation pro-
cess is based on Quintic Bézier curves, which allows to maintain a G2 continuity
along the travel and provides a diverse set of alternatives to handle curved roads,
lane changes, or roundabouts. The speed generation algorithm considers two differ-
ent inter-distance models according to the traffic layout and also takes into account
comfort and restrictions based on regulatory elements to obtain collision-free trajec-
tories.

The merit-based selection strategy is based on five decision variables: longitudi-
nal comfort, lateral comfort, safety, utility, and length. The strategy was tested by
executing a set of experiments on urban-like scenarios with different weight config-
urations and comparing the final trajectories and relevant KPI. These experiments
showed that the driving style of the ADS can be customized by modifying the pri-
ority of the decision variables. In addition to that, the results showed that when
the comfort-related variables had higher priority, the resulting acceleration profiles
were smoother and had lower overall values, both in longitudinal and lateral com-
fort. When safety was considered the most important decision variable, the resulting
trajectories did not invade adjacent lanes and kept larger distances with respect to
the obstacles, reducing the risk of possible collisions. When the priority was the
utility, the generated trajectories were faster and exhibit bolder acceleration profiles.
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The robustness of the algorithm was tested in different types of scenarios, but a
special focus was given to dataset-based scenarios in roundabouts, where a set of ex-
periments were performed under different driving conditions, evaluating not only
the dataset-based configurations but modified versions of the original scenes. The
system was able to safely handle all driving scenarios and maintain the comfort con-
straints. The performance of the algorithm was compared with human-driven data
under the same environment and with another state-of-the-art insertion maneuver
strategy. The comparison showed that the trajectory generator was able to handle
real-traffic situations similarly to human drivers on different performance indica-
tors like maximum longitudinal and lateral accelerations, average jerk values, time
to close encounter with OV, or travel time.

9.2.3 Traded control

A novel traded control approach is presented, where the level of automation and the
required involvement level of the driver is automatically determined from estima-
tions of the driving scene complexity level and the driver’s drowsiness. The scene
complexity is evaluated from the suitability of the trajectory candidates set, which
provides an objective way to determine how well the ADS is handling the current
driving scene.

To maintain safety when driving in the traded control architecture, alternative
levels of driving automation were proposed, which do not leave the control of the
vehicle disengaged at any moment unless required by the driver. The automation
interacts with the human driver using an HMI that displays warnings, the requested
level of involvement, and the planning decisions. The human driver can also use the
HMI to change the driving mode, select the destination point, cancel an overtaking
maneuvet, or perform a safe-stop maneuver, among others.

The implemented ADS was validated in a simulated urban scenario, where it
required higher involvement levels from the human when the scenes were more
critical (e.g. approaching an intersection or roundabout with traffic).

9.3 Future Works

Although this Ph.D. thesis has introduced a human-in-the-loop motion planner for
urban environments, and it has been successfully validated in relevant or even op-
erational scenarios, there are still different areas for further exploration. Some po-
tential improvements related to the contributions are presented below.

9.3.1 Maneuver planning

Even though the current lane-selection model has proven to have a good perfor-
mance in different urban layouts, the safety of lane changes can be improved by
taking into account other considerations like the uncertainty of the perception, the
spacial occlusions, or the involvement level of the human driver. Also, the computa-
tion of the gap acceptance can be enhanced by considering the dynamic restrictions
of the vehicle. Regarding the handling of regulatory elements, future works will
be oriented toward the incorporation of further elements such as traffic lights or re-
served lanes.

It is very important to have good integration between the tactical and opera-
tional layers of the decision-making process. The proposed architecture goes in that
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direction as the number of valid candidates is taken into account when evaluating
the feasibility of a lane-change maneuver. However, the level of integration can be
improved by implementing a fall-back maneuver strategy in which the maneuver
planner can guarantee a safe alternative in case the current trajectory is no longer
valid. This could be done by requesting backup candidates in alternative lanes or
out-of-lane driving zones.

The current approach has a strong dependency on the precision of the digital
map information. More research needs to be done regarding this issue, e.g. im-
plementing algorithms for dynamic navigable-zone detection and/or lane detection
that can minimize potential errors or omissions on the original digital maps.

9.3.2 Trajectory planning

Since the trajectory generation algorithm produces a large variety of candidates on
the target corridor, but only a percentage of those candidates meet the validity con-
ditions, a machine-learning approach could be used to determine the most adequate
parameters to create the path candidates and the acceleration profiles based on the
driving context. As a result, the number of candidates to evaluate could be reduced,
optimizing the computation time of the algorithm.

The waypoints used to create the trajectory set are computed from the centerline
of the navigation corridors. The strategy to sample the navigation space to generate
the trajectory candidates could be improved by applying an approach such as arti-
ficial potential fields, which not only takes into account the road geometry, but also
the position of the obstacles.

To obtain a more naturalistic driving style from the trajectory generation, it can
be implemented a learning-based system that automatically infers the most appro-
priate weights for the merit function to match a human driving profile in a given
driving context. Moreover, different criteria besides the proposed decision variables
can be used in the trajectory selection process; an interesting approach would be to
incorporate ethics criteria in the merit function.

The merging-before speed profile generation may be easily applied to other merg-
ing scenarios an AV may encounter, like ramp merging on highways or lane chang-
ing with traffic. Future work will be oriented towards the deployment and per-
formance evaluation of the trajectory generator in these driving situations, both in
simulation and real scenarios.

Despite being tested in a large variety of driving situations, there are some driv-
ing situations where the robustness of the motion planning algorithm can be in-
creased, such as scenarios where the OVs are accelerating heavily, dealing with oc-
clusions on the exteroceptive sensors, or losing precision on the location data.
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9.3.3 Traded control

The role of the human driver in a traded control architecture is not completely de-
fined in the state-of-the-art, and different strategies of the human-automation inter-
action can be further studied. One of these possibilities is to increase the involve-
ment of the human in the driving process, so it is not only a supervisor but also
a commander who can actively participate in the tactical decisions of the vehicle.
Thus, the driver is more focused on the driving process and it is kept in the control
loop all the time, but at the same time, the automation is in charge of several tasks.

So far, the supervisor can establish a safe driving mode when the scene becomes
complex and the human driver does not intervene to take over control of the vehicle.
These capabilities can be extended by including other factors to activate safe driving
mode besides the complexity of the scene and the driver engagement status, e.g. the
uncertainty of the perception module regarding the surrounding environment or the
possible failures of any proprioceptive sensor.

The performance of the traded control strategy can be further evaluated by con-
ducting a study with different human drivers in simulated complex urban envi-
ronments to assess the human factors associated with the proposed strategy. Dif-
ferent factors like acceptance, trust in the decisions, or the ability to communicate
efficiently and clearly through the HMI, can be evaluated from a human factor per-
spective.

9.4 Scientific Dissemination

This Ph.D. thesis has been developed under the framework of several European re-
search projects and a number of scientific articles have been published in journals
and events related to autonomous driving vehicles. These publications are listed
below.

9.4.1 Journal articles

¢ J. F. Medina-Lee, V. Trentin, J. L. Hortelano, A. Artufiedo, ]J. Godoy and J. Vil-
lagra. (2023). “IA(MP)? Interaction-aware motion prediction for an efficient
motion planning in complex driving situations," IEEE Transactions on Intelligent
Vehicles, (submitted).

¢ J. F. Medina-Lee, ]. Godoy, A. Artuiiedo and J. Villagra. (2022). “Speed Profile
Generation Strategy for Efficient Merging of Automated Vehicles on Round-
abouts With Realistic Traffic," IEEE Transactions on Intelligent Vehicles,
https://doi.org/10.1109/TIV.2022.3211350.

¢ J. F. Medina-Lee, A. Artufiedo, ]. Godoy, J. Villagra. (2021). “Merit-Based Mo-
tion Planning for Autonomous Vehicles in Urban Scenarios". Sensors, 21, 3755.
https://doi.org/10.3390/s21113755.
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9.4.2 Conferences

¢ J. F. Medina-Lee, V. Jiménez, ]. Godoy and J. Villagra. (2022). “Maneuver Plan-
ner for Automated Vehicles on Urban Scenarios". In IEEE International Con-
ference on Vehicular Electronics and Safety (ICVES), Bogota, Colombia, (pp.
1-7), https://doi.org/10.1109/ICVES56941.2022.9987128.

¢ J. F. Medina-Lee, A. Artufiedo, J. Godoy and ]. Villagra. (2020). “Reachability
Estimation in Dynamic Driving Scenes for Autonomous Vehicles". In IEEE
Intelligent Vehicles Symposium (IV), Las Vegas, NV, USA, (pp. 2133-2139),
https://doi.org/10.1109/IV47402.2020.9304672

¢ J. F. Medina-Lee, J. Villagra, and A. Artufiedo. (2020). “Traded control archi-
tecture for automated vehicles enabled by the scene complexity estimation". In
4th International Conference on Computer-Human Interaction Research and
Applications (CHIRA).

¢ J. FE Medina-Lee, V. Trentin, and ]. Villagra, (2019). “Framework for motion
prediction of vehicles in a simulation environment". In XL Jornadas de Au-
tomatica (pp. 520-527). Universidade da Corufia, Servizo de Publicaciéns.

9.4.3 Book chapter

e J. Villagra, J. Vallvé Navarro, J. F. Medina-Lee, J. Sola Ortega, A. Artufiedo,
and J. Andrade-Cetto. (2020). “Technological advances for intelligent vehicles:
shared control in highly complex contexts and the automation of transport in

segregated environments". In Boletin del Grupo Espafiol del Carbén, 58, (pp.
15-22).

e J. Villagra, F. Jimenez, J. F. Medina-Lee, et al. (2023). Human-machine interac-
tion. InJ. Villagra, F. Jimenez (Eds.), Decision-making Techniques for Autonomous
Vehicles (pp. 333-351). Elsevier.
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