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Abstract. Safety of the intended functionality (SOTIF) evaluations for
autonomous driving systems often reduce acceptance to outcome-level
evidence, such as whether a scenario is collision-free or whether a sim-
ple criticality threshold is crossed. We argue that this misses a central
safety question: did the system complete the human-relevant driving
process safely before the final outcome? This paper proposes a human-
centric multi-stage evaluation framework for intersection driving. The
framework decomposes a scenario into approach, in-intersection, and exit
stages, and evaluates each stage through safe-driving-procedure comple-
tion, collision risk, behavioral feasibility, and efficiency. In a CARLA–
Autoware software-in-the-loop case study, the framework exposes hidden
process risk in a collision-free case, and diagnoses failure modes across 15
safety-critical scenarios where Autoware passes only 53.3% of cases. We
further show that human-process signals can serve as a trajectory safety
guardrail for end-to-end planning: on 504 OpenDriveVLA intersection
samples, a human-process selector reduces collision steps from 19 to 12.

Keywords: Autonomous driving safety · SOTIF · Human-centric eval-
uation · Trajectory selection

1 Introduction

Autonomous driving systems (ADS) are increasingly evaluated in complex urban
scenarios where functional failures are not the only source of danger. Functional
safety addresses hazards caused by malfunctioning behavior [13]; under the safety
of the intended functionality (SOTIF) view, risk may also arise from perception
limits, algorithmic insufficiency, or environmental disturbances even when the
system operates as designed [14]. This makes the acceptance criterion for safety
testing a central question: what evidence is sufficient to conclude that an ADS
behavior is safe enough?

Common acceptance criteria remain outcome-oriented. A test is often sum-
marized by collision occurrence, pass rate, minimum time-to-collision (TTC),
or related criticality scores [10, 34]. Such metrics are useful, but incomplete.
⋆ Corresponding author.
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A vehicle may avoid collision only through late steering or harsh braking af-
ter missing an earlier perception or decision obligation. Conversely, a trajectory
may match human ground truth poorly while being safer under interaction risk.
In both cases, outcome-only criteria hide the intermediate process that should
determine whether the system behaved defensively.

We therefore reframe SOTIF acceptance from an outcome-based question to
a process-oriented one. Human drivers do not merely “avoid collision” at inter-
sections; they execute a sequence of safe driving procedures (SDPs): observing
lanes, traffic lights, and vulnerable road users; judging priority and occlusion;
and controlling speed, acceleration, and steering smoothly. These procedures
form a natural benchmark for white-box safety evaluation because they identify
which subtask failed, when it failed, and whether the final outcome masks a
latent risk.

This paper makes three contributions. First, we formulate a three-stage,
four-dimension taxonomy for process-oriented intersection evaluation, covering
approach, in-intersection, and exit stages, and scoring SDP completion, risk,
behavioral feasibility, and efficiency. Second, we apply this taxonomy retrospec-
tively to a full-stack Autoware [16] case study, revealing a collision-free but unsafe
case, a multi-conflict failure case, and scenario-library weaknesses obscured by
pass/fail testing. Third, we show that the human-centric signals can be used as
a trajectory safety guardrail for planner: a human-process selector re-ranks mul-
tiple OpenDriveVLA candidates and reduces collision metrics without retraining
the planner.

2 Related Work

ADS safety evaluation. Criticality metrics such as TTC and its variants pro-
vide compact indicators of imminent collision risk [10,21,32]. Broader taxonomies
distinguish time-scale, distance-scale, acceleration-scale, and probabilistic mea-
sures, but most are still computed from trajectories or final scene states rather
than from task completion evidence [34]. Scenario-based testing and SOTIF
engineering additionally emphasize that unsafe behavior can arise without com-
ponent faults, motivating tests that expose performance limitations and misuse
cases [14, 18, 22, 31]. Simulation platforms such as CARLA, LGSVL/SVL, and
SUMO enable scalable closed-loop testing in urban traffic [5, 19, 26]. However,
even rich simulation is often summarized by collision, route completion, or ag-
gregate discomfort, making it difficult to identify which perception, decision, or
control obligation failed. Our framework keeps criticality metrics but embeds
them in a staged process evaluation.

Human-centric driving models. Human-driver baselines are widely used
in SOTIF-style acceptance criteria because they connect technical performance
to socially meaningful driving competence. Classic driver models split behavior
into strategic, tactical, and operational levels [23], and situation-awareness the-
ory emphasizes perception, comprehension, and projection as prerequisites for
safe action [6]. Car-following and lane-changing models further encode human-
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like gap, comfort, and interaction constraints [9,17,30]. Existing ADS evaluations
often use aggregate human crash or pass rates, which makes the human base-
line an outcome comparator. We instead operationalize human driving as stage-
specific perception, decision, and control obligations, allowing the evaluator to
identify hidden process risks in otherwise successful trials.

Planning and trajectory selection. Full-stack modular systems such as
Autoware [16] expose intermediate modules, while end-to-end planners increas-
ingly optimize perception, prediction, occupancy, and planning jointly. Repre-
sentative systems include ST-P3 [11], UniAD [12], VAD [15], TransFuser [25],
TCP [35], and language-conditioned driving models such as DriveLM and Open-
DriveVLA [28,36]. Large datasets and benchmarks, including KITTI, nuScenes,
Waymo Open Dataset, Argoverse, and nuPlan, provide standardized perception
and planning settings [2–4,8,29]. End-to-end systems can produce multiple plau-
sible trajectories, but selecting the safer candidate requires structured criteria
beyond imitation loss. Safety filters such as responsibility-sensitive safety and
safety force fields are related in spirit [24, 27]; our offline study uses process-
inspired costs to rank a fixed candidate set rather than claiming a deployable
safety filter.

Interpretability and feature selection. The second application studies
sensitivity to process-inspired signal groups in trajectory selection. We there-
fore draw on model reliance and permutation importance, which evaluate how
prediction quality changes when features or feature groups are perturbed [1, 7].
SHAP-style additive explanations are another common option [20]; to accom-
modate different model architectures, we utilize random-forest permutation im-
portance to evaluate feature sensitivity. We treat the resulting feature-group
results as exploratory ablations on the evaluated sample set, not as a formal
information-bottleneck objective or a proof of necessity.

3 Human-Centric Multi-Stage Evaluation

3.1 Three-Stage, Four-Dimension Framework

Figure 1 presents our human-centric process-safety framework for intersection
driving. Given an intersection scenario x, it first decomposes the ego trajectory
into three semantic stages: approach, in-intersection, and exit. This temporal
decomposition localizes when an unsafe response occurs. In the recorded study,
approach ends when the ego first enters the intersection polygon, in-intersection
ends when it exits the polygon, and exit spans the remaining evaluation horizon.

Each stage is assessed along four complementary dimensions: Human-Factor-
Based Safe Driving Procedures (H-SDP) completion, risk, feasibility, and effi-
ciency. H-SDP identifies whether the system completed the expected human-
relevant driving procedure; risk captures proximity and severity of potential
conflicts; feasibility checks whether behavior remains behaviorally and rule-
consistent; and efficiency measures progress without overriding safety. Table 1
instantiates this common framework for the three stages. Together, the two axes
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Fig. 1: Overview of the human-process-oriented framework. Human-factor-based safe
driving procedures decompose intersection driving into perception, decision, and con-
trol obligations. The framework supports ADS diagnosis and trajectory safety evalua-
tion.

Table 1: Stage-wise instantiation of the three-stage, four-dimension framework.

Stage H-SDP completion Risk Feasibility / efficiency

Approach lane, object, traffic-light, route,
and deceleration subtasks

TTC priority response, speed
and headway control

In inter-
section

traffic-flow perception, conflict
judgment, acceleration and
steering control

MPrTTC,
PCSI

right-of-way response,
crossing speed, influence
on others

Exit turn-path monitoring, speed-
limit judgment, comfort control

TTC lane-line response, post-
intersection speed and
headway

distinguish a safe outcome from a safe driving process and support localized
diagnosis rather than a single scenario-level label.

3.2 Human-Factor-Based Safe Driving Procedures

H-SDP operationalizes the human-relevant procedure expected at each stage of
the framework. Figure 2 summarizes the decomposition into perception, decision,
and control obligations. Let Ti(Ω, x, t) ∈ [0, 1] denote the completion score of
subtask i by system Ω at time t. Our proposed evaluation protocol encompasses
more than twenty operational checks. Perception covers lane recognition, object
coverage in the human field of view, traffic-light recognition, and traffic-flow
perception. Decision covers localization confidence, stage awareness, replanning,
path feasibility, traffic-light response, risk awareness, and occlusion judgment.
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I) Approach Intersection and Change Lanes
Lane Change Condition Assessment

Observe traffic light ahead

In the planned lane?

Lane Change Execution

Do surrounding
vehicles threaten the

lane change?

Slow down, wait for
an opportunity, and

signal

Yes

Lane
Change

Execution

No

No

Yes

II) Driving Decision Before Entering the Intersection

Green light about to end/
Red/yellow light remains

Braking required

Otherwise

Traffic Signal Compliance

Traffic Signal State Recognition

Red or yellow light Green light

Traffic Signal Timing Estimation

About to end Sufficient remaining time

Observe other road users and prepare
to proceed

Conditions met
Not met

Safe Braking Condition Assessment

Collision with rear
vehicle?

Can stop completely before the
stop line?

Speed Control

If there is
a lead vehicle

Enter the deceleration zone
and gradually slow to the

target speed according to rules

Follow the lead vehicle, keep a
safe distance, and slow down

Special planning, prepare to proceed

IV) Prepare for Turn and Execute Turn

Speed Control

Is the speed low
enough to complete the

turn?

Adjust speed

No
Complete

Turn

III)  Driving Decision After Entering the Intersection

Traffic Condition Observation

Oncoming road
users

Observe and assess
gap length

Is the vehicle gap
sufficient to pass?

Check the
turning road

Cross-traffic
road users

Estimate the speed
and distance of

approaching vehicles

Are approaching
vehicles already close

and moving fast?

Slow down or
stop until the
road is clear

Predict whether
forcing through
would obstruct

cross traffic

Visual occlusion

Stop

Move toward the
occlusion edge and

confirm clear
visibility No

Driving Decision

Is the road
clear?

Are there no
pedestrians
crossing?

Is there a lead
vehicle?

Do traffic
conditions allow

driving?

Slow down or stop until
clear

No

Prepare
to

Turn
Yes

Fig. 2: Human driving-process decomposition. The stage split localizes when an unsafe
response occurs, while the H-SDP graph specifies which perception, decision, or control
subtask should be checked.

Control covers tracking frequency, acceleration, jerk, and lateral acceleration.
Table 2 summarizes the primary check families comprising our taxonomy.

Subtasks include binary checks, such as whether the current lane is correctly
detected, and ratio scores, such as whether detected objects cover the human
driver’s visible target set:

Tobj(Ŝ, S,Rp) =
|S ∩ Ŝ ∩Rp|
|S ∩Rp|+ ϵ

, (1)

where S is the human-visible target set, Ŝ is the ADS output, Rp is the hu-
man field of view, and ϵ prevents division by zero. The stage-level human SDP
completion is

Cs(Ω, x) =
1

|Ts|
∑

i∈Is
wi

∑
t∈Ts

∑
i∈Is

wiTi(Ω, x, t), (2)

with task set Is, time indices Ts, and non-negative task weights wi with
∑

i wi >
0 (unit weights recover the unweighted average). This normalization ensures
Cs ∈ [0, 1].

Occlusion is treated as a decision obligation rather than a pure perception
failure. Let B̂ be the set of planned path points, Rp the visible region, and Rpb ⊆
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Table 2: H-SDP check families in the proposed protocol. Binary, ratio, and thresholded
comfort scores share a [0, 1] interface; thresholds are configured per scenario based on
typical human-driving comfort bounds.

Category Subtask Score type Human-process interpretation

Perception lane / map feature recognition binary match vehicle knows where it is allowed to drive
Perception surrounding object coverage visible-set recall ADS should see at least what a human driver can see
Perception traffic-light color visible-set color recall signal state is correctly perceived before entering
Decision scenario-stage awareness non-empty stage output planner knows whether it is approaching, crossing, or exiting
Decision replanning frequency thresholded frequency planner updates no slower than human tactical reaction
Decision occlusion judgment blocked-path slow-down check high occlusion should trigger cautious low-speed behavior
Control braking / acceleration comfort threshold check avoid harsh control unless safety-critical
Control jerk / lateral acceleration threshold check passenger-comfort and controllability envelope

Rp its occluded subregion. If more than half of the visible planned points lie in
Rpb and the ego speed remains above a cautious threshold vocc, the occlusion-
response score is zero:

Tocc = I

[
|B̂ ∩Rpb|

|B̂ ∩Rp|+ ϵ
≤ 0.5 ∨ v ≤ vocc

]
. (3)

This explicitly captures the defensive-driving rule that uncertainty should reduce
speed before the vehicle commits to the conflict area.

3.3 Risk, Feasibility, and Efficiency Metrics

Risk is reported with TTC for near-collision checks and MPrTTC for predicted
intersection conflicts. We additionally use the potential collision severity index
(PCSI), which accounts for conflict direction and relative speed [33]. Feasibility
records right-of-way, stop-line, crosswalk, occlusion-caution, and smooth-control
compliance. Efficiency is measured from delay and forward progress and is ex-
plicitly subordinate to process safety.

To streamline compact scenario-level reporting, H-SDP completion, feasibil-
ity and efficiency metrics are discretized into five ordinal rating bands. For risk
assessment, a scenario is deemed acceptable only if its maximum observed risk
level does not exceed the predefined human reference agent for that scenario.

4 Experiment I: Full-Stack Evaluation on Autoware

4.1 Setup

We evaluate Autoware.ai 0.14.1 [16] in CARLA [5] Town05. Autoware receives
LiDAR, RGB, IMU, map, and localization inputs through ROS bridge topics
and returns longitudinal/lateral control commands. The scenario set contains 10
single-conflict cases (D1–D10) and 5 multi-conflict cases (M1–M5). The multi-
conflict cases combine events such as motorcycle cut-ins, pedestrian crossings,
cyclist crossings, right-of-way conflicts, and adverse visibility, making them useful
for testing whether a system can preserve process safety across repeated local
disturbances.
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(a) D10 rainy straight-through conflict.

(b) M1 multi-conflict left turn.

Fig. 3: Representative scenario snapshots extracted from the CARLA–Autoware SIL
runs. D10 is an outcome success with a near-miss process; M1 is a dense failure case
with multiple conflict sources.

4.2 Case Studies

D10: success but unsafe. In D10, the ego vehicle drives straight through
a rainy intersection while an oncoming vehicle incorrectly takes priority and
turns left across the ego path (Fig. 3). Autoware avoids collision through a small
steering adjustment, so an outcome-only test would mark the case as passed. Our
process metrics give a different diagnosis: during the in-intersection stage, the
decision subtask drops because the ego vehicle does not proactively decelerate
at the conflict point. The minimum MPrTTC reaches 0.01 s. The global SDP
completion is 88.39%, but the stage-wise trace reveals that this average hides a
short high-risk interval. This is the central SOTIF failure mode targeted by the
framework: no collision occurs, but the process is not acceptably safe.

M1: dense multi-conflict failure. In M1, the ego vehicle turns left in
clear weather, encounters a motorcycle cut-in/cut-out, passes a pedestrian near
the stop line without yielding, collides with a crossing cyclist when exiting,
and then brakes for a later motorcycle conflict. The SDP trace falls before the
cyclist collision and reaches a minimum of 0.2. PCSI and MPrTTC peak at
the collision moment and also capture secondary pedestrian-crossing risk. The
feasibility trace drops to zero when the ego vehicle fails to yield at the vulnerable-
road-user conflict, while traffic-impact metrics show denser low-TTC interactions
than D10. The failure is therefore not only a collision label; it is a sequence of
perception-side vulnerability and control/priority errors.

4.3 Scenario-Library Results

Across 15 intersection scenarios, Autoware passes 53.3% of cases. Its mean H-
SDP completion is 83.22%, the mean reported minimum risk time is 0.20 s, and
mean feasibility is 77.45%. The finite-sample mean speed and delay are 7.36 m/s
and −0.135 s, respectively. Failed cases are dominated by perception weaknesses,
especially lateral perception in pedestrian crossing and emergency cut-in situa-
tions. Passed cases still show control weaknesses, with high acceleration or hard
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(a) D10 SDP trace. (b) M1 SDP trace.

Fig. 4: Process metrics expose risk that is not captured by pass/fail alone. D10 is
collision-free but the in-intersection SDP score drops when the ego vehicle does not
slow for an oncoming left-turn conflict. M1 fails after repeated conflicts and reaches an
SDP minimum near 0.2 at the cyclist collision.

braking. The system also tends to prioritize rapid passage over right-of-way
compliance, which explains why efficiency is high while process safety remains
insufficient.

Figure 5 visualizes the corresponding mean ordinal ratings. It highlights high
intersection efficiency, weak risk benchmarking, and intermediate H-SDP comple-
tion and intersection compliance; the rating definitions are given in Appendix A.

Table 3 shows that low reported risk times are not confined to failed cases.
D8–M4 and D10 all record a 0.01 s minimum risk time, marking critical interac-
tion events. Conversely, feasibility and efficiency do not move together: M1 is fast
(negative delay) but unsafe, while D10 has positive delay yet still has a severe
near miss. These patterns support using a multi-dimensional report rather than
a single scalar score. They also identify improvement targets: lateral perception
for vulnerable road users, smoother control in passed cases, and right-of-way
logic when the ego vehicle has a mission to clear the intersection quickly.

5 Experiment II: Offline Candidate-Selection Case Study

5.1 Setup

We test a process-inspired selector on a fixed pool of OpenDriveVLA [36] can-
didates from a near-balanced nuScenes intersection subset: five groups of 100
samples and one red-right-turn/stop group of 4 samples. Each of the 504 sam-
ples has 8 sampled future ego trajectories, yielding 4032 candidates. The first
serialized candidate, the full selector, an oracle risk selector using future infor-
mation, and compact tested variants are evaluated on this same pool.
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Fig. 5: Radar-chart visualization of the scenario-library mean ordinal ratings on a 0–4
scale. Intersection compliance denotes the feasibility dimension; the rating definitions
and aggregation are given in Appendix A.

Fig. 6: Offline candidate-selection example. The selector re-ranks fixed-pool trajecto-
ries using process-inspired costs.

For each fixed candidate set {τk}Kk=1, we select the trajectory with the lowest
weighted process-inspired cost:

k∗ = argmin
k

λsafeJsafe(τk) + λrouteJroute(τk) + λcomfortJcomfort(τk)

+ λeffJeff(τk) + λruleJrule(τk).
(4)

The costs cover safety, route consistency, comfort, efficiency, and rule/map com-
pliance. The selector does not modify OpenDriveVLA weights or train a new
planner. It uses current/history ego motion, route command, intersection stage,
map metadata, and current agent boxes and velocities; Table 4 lists the signal
groups.

5.2 Results

The full process-inspired selector reduces collision steps from 19 to 12 and
UniAD/STP-3 collision averages from 0.79/0.23 to 0.53/0.13. These results in-
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Table 3: Full scenario-library results from the SIL evaluation. “Key fail” is the domi-
nant failed H-SDP subtask family. “Min risk time” is the minimum TTC or MPrTTC
value. The final row reports the pass rate over all scenarios and means over finite ob-
servations for the remaining numeric columns; NAN/INF mark cases in which the ego
does not complete the intersection.

ID Pass SDP (%) Key fail Min risk time (s) Feas. (%) Mean speed (m/s) Delay (s)

D1 yes 89.13 Control 0.69 100.00 7.8925 0.127
D2 yes 87.22 Control 0.53 100.00 8.3548 -0.016
D3 no 78.39 Perception 0.03 100.00 7.9371 0.112
D4 yes 84.33 Control 0.27 77.23 7.6932 0.194
D5 yes 89.62 Control 0.71 75.12 7.7053 0.190
D6 yes 90.02 Control 0.43 100.00 7.6392 0.213
D7 yes 85.28 Control 0.24 73.82 7.2357 0.362
D8 no 81.21 Perception 0.01 72.65 7.0275 0.445
D9 no 77.52 Perception 0.01 NAN – INF
D10 yes 88.39 Control 0.01 82.32 6.5345 0.267
M1 no 81.93 Control 0.01 86.67 7.7614 -1.192
M2 no 73.88 Control 0.01 30.21 6.4219 -0.330
M3 no 78.90 Control 0.01 69.32 5.2925 -2.237
M4 no 80.18 Perception 0.01 39.68 8.3870 0.058
M5 yes 82.30 Control 0.08 77.26 7.2124 -0.081

Mean 53.3% 83.22 – 0.20 77.45 7.36 -0.135

Table 4: Signal groups used by the offline candidate selector.

Group Features

Safety clearance, TTC, MPrTTC gap, earliest overlap, surrounding-
safety cost

Interaction front/rear TTC, turn-conflict gap, vulnerable-path clearance
Route route cost, final lateral/forward displacement, final heading
Efficiency forward progress, mean speed, expected-progress cost
Comfort max speed, acceleration, deceleration, jerk, lateral acceleration
Rule/Map off-road, stop/turn, lane-keeping, intersection-caution, traffic-

light, stop-line costs

dicate that while end-to-end models can generate diverse trajectories, their de-
fault imitation-based selection often misses the most defensive option. Within
this fixed candidate pool, process-inspired costs select candidates with lower
collision metrics without requiring upstream retraining.

The compact three-group variant agrees with the full selector on 71.43% of
samples. It retains 12 collision steps. Its STP-3 collision average is 0.15, while
its UniAD collision average (0.66) is worse than the full selector (0.53). Adding
Rule/Map raises full-selector agreement to 82.34% but worsens collision steps to
14 and STP-3 collision to 0.17.

Interestingly, enforcing rigid map and rule compliance slightly increases col-
lision occurrences in this test set. This phenomenon reveals a practical conflict
between absolute safety and traffic-rule adherence: in emergency interactions,
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Fig. 7: Key-only validation. The tested Safety+Route+Comfort variant preserves the
collision-step result but does not match the full selector’s UniAD collision score.

Fig. 8: Four representative fixed-pool cases from Experiment II. Each panel contrasts
the first candidate (yellow dashed trajectory) with the process-inspired selected can-
didate (green trajectory) in the presence of the primary interacting agent (red). Pale
trajectories denote the remaining candidates.

strict compliance, such as maintaining the lane center, may constrain necessary
evasive maneuvers. A robust safety guardrail must therefore dynamically relax
nominal rule constraints when imminent physical risk is detected.

5.3 Exploratory Feature-Group Sensitivity

We apply four post-hoc probes on the same 504 samples: Fisher-like sensitivity
for selector decisions, permutation importance for selector decisions, permutation
importance for safety improvement, and leave-one-group-out change. Table 6
reports their normalized scores.

The compact three-group variant agrees with the full selector on 71.43% of
samples. It retains 12 collision steps. Its STP-3 collision average is 0.15, while
its UniAD collision average (0.66) is worse than the full selector (0.53). Adding
Rule/Map raises full-selector agreement to 82.34% but worsens collision steps to
14 and STP-3 collision to 0.17.
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Table 5: Fixed-pool, single-run trajectory-selection results on 504 intersection samples.
UniAD/STP-3 collision rates are evaluator averages (lower is better); “Risk” is the mean
proxy score; “Coll. steps” is the count of collision-marked evaluation steps.

Method UniAD Coll. STP-3 Coll. Risk Coll. steps

First candidate 0.79 0.23 34.148 19
Full selector 0.53 0.13 33.145 12
Oracle risk selector 0.33 0.09 32.794 8
Key-only: Safety+Route+Comfort 0.66 0.15 33.067 12
+ Rule/Map 0.73 0.17 32.943 14

Table 6: Exploratory, in-sample feature-group sensitivity scores. Columns are comple-
mentary probes rather than a single ranking objective; high agreement with selector
decisions does not necessarily imply better stored collision metrics.

Group Fisher-like selector Selector permutation Safety-improvement permutation Leave-one-group-out

Safety 0.0078 0.1685 0.1523 0.0737
Interaction 0.0013 0.0411 0.1557 0.1407
Route 0.1969 0.2337 0.3329 0.2211
Efficiency 0.6879 0.0372 0.0409 0.1524
Comfort 0.0937 0.4879 0.2899 0.1742
Rule/Map 0.0123 0.0316 0.0283 0.2379

6 Discussion and Conclusion

This paper argues that relying solely on outcome-oriented metrics, such as col-
lision rates or minimum TTC, is insufficient for a comprehensive Safety of the
Intended Functionality (SOTIF) evaluation. Such metrics often obscure whether
an autonomous driving system is driving defensively or merely escaping colli-
sions through last-second emergency actions. To address this, we introduced a
human-centric, multi-stage evaluation framework that decomposes intersection
scenarios into approach, in-intersection, and exit stages. By assessing each stage
across four dimensions—safe driving procedure (H-SDP) completion, risk, fea-
sibility, and efficiency—our framework provides a high-resolution diagnosis of
system behavior.

Our closed-loop experiments with Autoware demonstrated the framework’s
ability to expose hidden process risks in otherwise “successful” collision-free runs
and to pinpoint specific algorithmic vulnerabilities, such as lateral perception
failures and right-of-way logic deficits. Furthermore, the offline trajectory selec-
tion study revealed that process-oriented metrics can be repurposed as a trajec-
tory guardrail. By simply applying human-process-inspired costs, we successfully
re-ranked end-to-end planner candidates and reduced collision occurrences with-
out retraining the underlying model.

Limitations and Future Work. First, the current trajectory selector op-
erates offline on a fixed candidate pool; transitioning this into a computationally
lightweight, online safety filter requires further optimization of the metric cal-
culation pipeline. Second, the weights of the process-inspired costs are currently
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static. As observed in our feature sensitivity analysis, rigid adherence to rules can
sometimes conflict with emergency collision avoidance. Future work will explore
dynamic weight adaptation mechanisms that shift priority from rule compli-
ance and comfort to absolute physical safety as interaction criticality increases.
Finally, expanding the human-centric subtasks to account for diverse regional
driving cultures will further enhance the framework’s generalizability.

A Radar-Chart Rating Definitions

Figure 5 visualizes mean ordinal ratings, rather than the raw continuous values
in Table 3. The rating rules are standardized as follows. Let c(Ω, x) ∈ [0, 1] be
the scenario-level H-SDP completion of system Ω in scenario x, and let l(Ω, x) ∈
[0, 1] be its feasibility (intersection-compliance) score. Both use the same five-
level map:

L(q) =



4, 0.90 < q ≤ 1,

3, 0.80 < q ≤ 0.90,

2, 0.70 < q ≤ 0.80,

1, 0.60 < q ≤ 0.70,

0, q ≤ 0.60,

LH-SDP = L(c), Lfeas = L(l). (5)

Risk benchmarking is binary. Let r∗(Ω, x) denote the worst-case risk metric
and Ωh the human reference agent. Using the comparator’s safety-oriented di-
rection, the scenario receives a pass only when its worst case is no worse than
the reference:

Lrisk(Ω, x) =

{
1, r∗(Ω, x) > r∗(Ωh, x),

0, otherwise.
(6)

Thus, the risk axis is the mean binary pass score, not a calibrated continuous
collision-risk estimate.

For intersection efficiency, let Tactual and Tideal be the actual and ideal in-
intersection traversal times. The relative delay is

m(Ω, x) =
Tactual − Tideal

Tideal
, Leff(Ω, x) =



4, m ≤ 0.10,

3, 0.10 < m ≤ 0.30,

2, 0.30 < m ≤ 0.60,

1, 0.60 < m ≤ 1.00,

0, m > 1.00.

(7)

Negative delay is therefore assigned level 4 because it satisfies m ≤ 0.10 under
this definition.

For each dimension d, the radar chart plots the mean scenario rating

Ld =
1

|X |
∑
x∈X

Ld(Ω, x). (8)
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For the 15-scenario library, the displayed values are LH-SDP = 2.8, Lrisk = 0.267,
Lfeas = 2.2, and Leff = 3.73. All axes use the common 0–4 display scale; because
Lrisk is binary, its mean lies in [0, 1].
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