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Abstract. Unprotected left turns are still a difficult problem for autonomous driving because perception uncertainty,
occlusion, and unpredictable road-user behaviour need to be handled in a short decision time. This paper proposes a risk-
adaptive technical framework for integrating conflict-zone graph encoding, multimodal arrival-time prediction, dynamic risk
allocation, chance-constrained gap selection and jerk-limited trajectory optimisation. The framework estimates the
probability distribution of conflict-zone entry and clearance times, adjusts the admissible risk according to visibility,
localisation uncertainty, road conditions and prediction calibration. 18,000 closed-loop simulation tests, 2,400 log-replay
cases and 320 closed-course experiments were conducted for performance assessment. The proposed method had a 98.1%
turn-completion rate and a 0.18% collision rate, and its collision rate was 0.27-0.71% for the four representative baselines.
The median stop-line-to-clearance time was 7.6s, and the average intersection throughput reached 428 vehicles per hour
per approach. The expected calibration error was 0.012, the median computational latency was 41ms, and 99.2% of the
closed-course control cycles maintained a feasible backup trajectory. With combined sensing and behaviour disturbance, the
collision-free survival rate after three seconds of continuous occlusion was 99.1%. As shown in the above results, adding
probabilistic prediction and risk-constrained planning can improve the safety of left turns without adding much latency or
other issues.
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Introduction

Urban intersections have complex motion, ambiguous priority, and a short decision horizon; thus, they are a
primary source of operational risk for autonomous vehicles [1]. An unprotected left turn is particularly difficult
because the ego vehicle crosses the opposing lane and has to pay attention to pedestrians, cyclists and vehicles
from all sides [2]. Lane keeping does not have such a discrete commitment point; after this point, even
conservative braking cannot return to a safe state [3]. Humans negotiate this transition by means of eye contact,
speed variation and other non-rule-based priority signals [4]. Occluding vehicles and roadside structures further
obscure the relevant actors for a short time before the collision [5]. Prediction errors are thus linked to planning
errors and are not isolated perception defects [6]. A planner that anticipates the future may choose an
apparently open gap even if a low-probability but feasible path enters the same conflict zone [7]. Excessive
caution is not a suitable solution because it prolongs queueing, creates rear-end exposure, and makes it difficult
for other road users to recognise automated behaviour [8].

Recently, some research has begun to use graphs, polylines and attention-based scene tokens to represent
agents and maps in motion forecasting [9]. Multimodal predictors can describe several plausible futures, but
their probability scores are not always calibrated for direct application in safety constraints [10]. Reinforcement-
learning policies have shown interactive negotiation, but reward design and rare-event coverage are problems
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for certification [11]. Model-predictive planners offer physical consistency and receding-horizon feedback, but
their computational cost is relatively high when many interacting futures need to be considered [12]. Rule-based
gap acceptance is still transparent but cannot handle coupled uncertainty in speed, intent and occlusion
gracefully [13]. Reachability and control-barrier methods have strong safety structures, but overly conservative
sets can reduce the utility of progress at dense intersections [14]. Therefore, the existing systems generally
optimise prediction, decision or control independently and fail to address how to convert uncertain occupancy
into interpretable manoeuvre-level risk budgets [15].

This paper builds a unified technical framework for safe and efficient left turns that explicitly represents
uncertainty, propagates it, and utilizes it. First, predict the distribution of arrivals and departures in a conflict
area; convert the overlap into an adjusted collision probability, allocate an adaptive risk budget, and then
optimise a dynamically feasible path. The framework still has the modular interfaces required by the production
stack, and prediction and planning can exchange only the relevant parameters for the manoeuvre. It is a conflict-
zone graph that preserves interaction structure at a low computational cost, a chance-constrained gap selector
with quality-aware risk allocation, and a jerk-limited trajectory optimizer supported by an emergency-safe
fallback. All-encompassing experimental procedures are used to evaluate the average success rate and tail risk,
calibration, comfort, latency and throughput under controlled perturbations.

Related Work

Interaction-Aware Prediction at Intersections

Trajectory prediction is no longer done by a single recurrent model; rather, scenes that consider map context
and agent interaction are now employed [16]. To enhance the geometric accuracy of lanes, boundaries and
crosswalks, a structured polyline-based map encoder can be used instead of a pixelated image [17]. Graph neural
networks can also extend messages according to the actual adjacency and conflict relationships, and are thus
suitable for scenarios where actors in distant areas will soon be in the same intersection region [18].
Transformer-based models can learn long-range dependencies and support multimodal decoding, but their
memory and latency are relatively high as the number of scene tokens increases [19]. Probabilistic decoders
have multiple intentions, and although they do not guarantee that the predicted probabilities are well-calibrated
in the low-risk region required by a safety planner, this is still an issue [20].

Intersection forecasting also needs the ego plan. An opposing driver may yield, accelerate or maintain speed in
response to visible ego movement, so an open-loop prediction will be out of date as soon as the autonomous
vehicle starts to creep. Conditional forecasting considers how the actors' future behaviour will affect the
selected ego trajectory. It has the problem of combinatorial explosion: every new candidate requires an
additional prediction round. Therefore, the efficient system should have a small shared representation and a
way to update only the interaction variables that have been changed by each candidate. Arrival-time
distributions at conflict zones offer such a way to keep the timing relation that drives left-turn risk without
requiring repeated decoding of full high-resolution trajectories.

Decision-Making and Motion Planning for Left Turns

Classical gap-acceptance models compare the estimated time-to-arrival with a fixed critical gap and are still
popular because their decisions are easy to inspect [21]. However, a fixed threshold does not consider
perception confidence, road friction, vehicle response or the asymmetric consequences of entering versus
waiting. Sampling-based and lattice planners extend the manoeuvre set and can impose kinematic limits, but
safety evaluation for many multimodal predictions is computationally expensive [22]. Model Predictive Control
integrates feasibility and feedback, but nonconvex collision constraints and discrete yielding decisions often
require approximation or hierarchical decomposition [23]. Learning-based policies can find socially efficient
behaviour in the simulation, but they may exploit simulator-specific cues and provide little evidence of rare
hazardous interactions [24]. Formal safety filters, such as reachable-set and barrier-function approaches, can
supervise a nominal planner; however, conservative invariant sets may cause a deadlock if the uncertainty
persists for a long time [25].
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The outstanding engineering problem is not that there are no individual tools, but rather that they do not
connect stably. A forecasting module generally outputs sampled trajectories, a decision layer uses hand-tuned
thresholds, and a controller receives a reference path after uncertainty has been collapsed. The framework put
forward will use conflict-zone occupancy time as its common unit. Prediction provides a distribution of arrival
and clearance; decision assigns a maneuver risk budget; optimisation spends this budget to track delay and
comfort; and the safety supervisor keeps a provably executable stop option. This division maintains
interpretability and does not require the whole stack to be a single network.

Proposed Risk-Adaptive Left-Turn Framework

Conflict-Zone Scene Representation and Probabilistic Prediction

The framework runs at 10 Hz and receives tracked actors, lane topology, traffic-control state, localization
covariance, and a candidate route. Its first operation constructs a conflict-zone graph rather than a generic fully
connected scene graph. Nodes represent the ego vehicle, relevant dynamic agents, lane segments, crosswalks,
occlusion boundaries, and geometric conflict zones. Edges encode lane succession, right-of-way, visibility,
potential path intersection, and temporal precedence. Actors with no reachable overlap during the planning
horizon are pruned, which keeps inference time nearly constant in ordinary urban traffic. Figure 1 presents this
information flow from synchronized sensing through graph construction, probabilistic forecasting, risk allocation,
gap selection, trajectory optimization, and safety supervision.
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Figure 1. Overall workflow of the proposed risk-adaptive left-turn framework.

For actor i, the input feature combines relative pose, velocity, acceleration, class, observed history, lane
association, signal context, visibility, and tracking covariance. A graph encoder produces a state embedding by
aggregating typed neighbor messages:

1+1 l l OIRC
JEN ()
The attention weight favors neighbors that share a reachable conflict zone and discounts actors whose projected
occupancy is temporally separated:
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Instead of decoding only Cartesian trajectories, the prediction head estimates a mixture distribution for the time
at which each actor enters and leaves each conflict zone:

M M
(i pouty = N t" 1. Y. =1 E (3)
pl( , ) Tim pout |’ Him, 2im ) » Tim q.
m=1 m=1

The network is trained with a mixture negative log-likelihood augmented by a calibration term evaluated over
conflictoccupancy events:

B
Lpreq = _z log pi(t1", £0) + ACZ lacc(b) — conf (b)) Eq.(4)
i b=1

L
To account for an unobserved road user emerging from an occluded area, a virtual actor is added to the graph
with a conservative occupancy distribution derived from the visible boundary, speed limit and road-user class
prior. The virtual actor is deleted as soon as the free space is visible. This mechanism does not claim to predict
an invisible agent; it reserves probability mass for plausible emergence and allows the risk allocator to trade a
slow visibility-seeking creep for indefinite waiting.

Adaptive Risk Allocation and Gap Selection

The decision layer enumerates yield, creep, and commit maneuver families. Each candidate defines an ego
arrival and clearance distribution at every conflict zone, including uncertainty from state estimation and tracking
error. The overlap probability for actor i and candidate k is

Py = ﬂ 1([tin, 2] 0 [, t7 ] # @)pe xpidt Eq.(5)

Because collision events are dependent through shared ego timing, the implementation uses a conservative
product approximation with a bounded correlation correction:

Ry=1-— 1_[ (1-P5%Y) + KmaxCov(ILk, i) Eq.(6)

The admissible risk decreases with occlusion, perception covariance, prediction miscalibration, wet-road
indication, and control-tracking error:

&, = clip(goe~Poct~Pure=Bece=Prle 4 5, epin, max) Eq.(7)
A candidate is feasible only when its total risk is below &, its predicted stopping margin remains positive before
commitment, and it respects red-light, crosswalk, and lane-boundary constraints. Among feasible candidates,
the selector minimizes

Jie = WyRye + WDy + wSp + w7 — wy P + wyHy, Ry < &, Eq.(8)

. jerk
Here D, is delay, S penalizes low clearance margin, ]}fr represents comfort, P, rewards progress, and Hj
penalizes rapid maneuver switching. A commit state is entered only when the selected candidate remains

feasible for two consecutive cycles and the minimum probabilistic clearance exceeds a speed-dependent
threshold.

Figure 2 shows the maneuver-state logic and nested safety gates. The route begins in approach, transitions to
yield at the stop line, may creep to improve visibility, and enters commit only after the probability, stopping-
margin, and control-feasibility gates are satisfied. Any violation before the no-return boundary sends the vehicle
to controlled stop; after that boundary, the supervisor selects the minimum-risk completion trajectory.

79



A New Technical Framework for Safe and Efficient Left Turns in Autonomous Driving
https://doi.org/10.64972/jaat.2023v1.284p6e:76-88

Yield at Stop Line Visibllity-Seeking Exit
o— PEN Q- Creep - 0

.
remeree== -> i§ \ > ( ooy @\)

Visibility Remains == ) o -';\‘; e ﬁ J—

Insufficient N T Protected ‘
I /-‘° Commit Commit Completion

Probability Gate Stotrole-Margity Gate
Total Confiict Risk <
Adaptive Risk Budget

° Conflict Zones | =-~.__

e No-Return Boundary === =3 % .
o Occluded Region ——:/‘.J/

; = | -~
Controlled Stop s “

e e — Control-Feasibility Gate
~35% ° W oW oW o s
Y B - s /

;

i

i

i

i

i

i (& }E
Stopping-Margin Gate H = ﬁ .

i

i

i

'

Safety Supervisor

Risk Monitoring

Backup Availability

Emergency Trigger

Control Authority

Nominal Trajectory

V-ls

Fessible Safe Stop Before the

No-Retum Boundary Dynamics, Friction and Actuator

Constraints Satistied

N e A

- Fefasible Backup
T | e—
= o Minimum-Risk Emerge .=~
- ency Completion W Conflict Zones
¥
- ) o Controlled Stop ~ ==m==- No-Return Boundary
° Re evaluate Scene H Occluded Region

Figure 2. Hierarchical maneuver-state and safety-gate diagram for approach, yield, visibility-seeking creep, commit, protected completion,
controlled stop, and minimum-risk emergency completion.

Jerk-Limited Trajectory Optimization and Safety Supervision

Once a maneuver and an admissible gap have been selected, the framework constructs a spatial reference path
from the lane centerlines and a quintic lateral connector. Longitudinal motion is optimized in Frenet coordinates
over a 5 sreceding horizon. The discrete vehicle state contains path progress, velocity, acceleration, and steering
angle, while the control vector contains longitudinal jerk and steering rate. The state transition is expressed as

. a7
xn+1 = fd (‘xn! un): un = []nl 671,] Eq(g)
The trajectory optimizer tracks the selected conflict-zone occupancy interval while accounting for motion
accuracy, passenger comfort, and terminal-state consistency. Its objective function is written in compact form
as

H
Juay = Z 20, Un) + wr||xy — x:ff”Z Eq.(10)
n=0

Here, £(x,, u,) denotes the stage cost associated with velocity tracking, lateral deviation, longitudinal jerk, and
steering-rate variation. The terminal term penalizes deviation from the desired state at the end of the prediction
horizon. This compact representation allows the relative importance of safety, tracking accuracy, and ride
comfort to be adjusted without expanding the main optimization expression.

Dynamic feasibility is maintained by imposing explicit bounds on velocity, acceleration, jerk, steering response,
and lateral acceleration:

0< Un < Umax» Amin < an < Amax» |]n| Sj‘max' |1773Kn| < ay,max Eq-(ll)
The curvature term k;,, connects the planned path geometry with the admissible lateral acceleration. Under wet
pavement or reduced tire-road friction, the allowable acceleration and jerk limits are lowered before the
optimization problem is solved. This treatment prevents a geometrically valid trajectory from being accepted
when it cannot be tracked reliably by the physical vehicle.

Probabilistic occupancy constraints are converted into temporal separation conditions. For each active conflict
zone, the ego vehicle must either clear the zone before the lower arrival-time quantile of the approaching actor
or enter after the actor's upper clearance-time quantile:

tof + 4. < Q" (&) V £ — A, 2 Q" (1 — &) Eq.(12)
In this expression, A; is an additional temporal safety margin, while Q}“ and QP“* are the quantile functions of
the predicted entry and clearance times. The disjunctive constraint distinguishes passing before an actor from
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yielding until the actor has cleared the shared region. It therefore preserves the operational meaning of gap
acceptance while incorporating prediction uncertainty.

The maneuver-level risk budget is distributed among active actors according to their interaction relevance. A
minimum allocation is retained for pedestrians and cyclists so that their risk contribution cannot disappear when
several motor vehicles are present:

Pi + PminLyry ()
=& ;
Zj (Pj + pmin1VRU(]))
The relevance score p; considers conflict-zone overlap, predicted arrival time, relative speed, visibility, and right-
ofway. The indicator 1z, (i) equals one for a vulnerable road user and zero otherwise. This allocation
concentrates computation on the most immediate conflicts without weakening protection for pedestrians or
cyclists.

At every planning cycle, the safety supervisor independently computes a backup trajectory leading to the latest
collision-free stopping pose. The braking profile accounts for actuator delay, road friction, current acceleration,
and the additional distance required to reduce acceleration smoothly. A safe stop remains feasible only if

vZ |a|2

+ % + ijax < dfree - dmargin Eq.(14)

Here, 7, is the estimated actuator delay, p is the tire-road friction coefficient, dy,.. is the currently available
collisionfree distance, and dp,in is a reserved stopping margin. Before the no-return boundary, violation of this
condition causes the system to reject the nominal maneuver and execute a controlled stop. After the boundary
has been crossed, the supervisor selects a minimum-risk completion trajectory because an abrupt stop inside
the opposing lane could produce a more hazardous state.

dstop =V,

Real-time performance is maintained by warm-starting the nonlinear program with the preceding solution,
limiting each update to three sequential-convexification iterations, and reusing graph embeddings for actors
whose interaction neighborhoods remain unchanged. The newly optimized command is blended with the
preceding command and projected onto the safe control set:

uy =1y, (ui + (1 —mMue_q) Eq.(15)
The blending factor n reduces abrupt command changes, whereas the projection operator guarantees that
smoothing cannot move the command outside the feasible control region. Prediction therefore supplies
calibrated occupancy distributions, trajectory optimization produces a comfortable and dynamically executable
maneuver, and the independent supervisor preserves a valid fallback throughout the left-turn process.

Experimental Evaluation and Analysis

Experimental Protocol and Metrics

The three sources of evaluation are 18,000 closed-loop simulated left turns, 2,400 log-replay cases from urban
intersection recordings, and 320 closed-course runs with a drive-by-wire research vehicle. The three intersection
geometries in the simulated set have opposing traffic flows of 300 to 1,200 vehicles per hour, pedestrian arrival
rates of 0 to 240 per hour, dry and wet friction, and occlusion ratios from 0 to 0.65. Ten times, randomly generate
a different seed for each scenario. Record cases to store measured actor motion and use a validated interaction
model for counterfactual ego actions. Closed-course tests use a robotic target vehicle and soft pedestrian
dummies, with speeds of 20, 30, 40 and 50 km/h and injected localization noise up to 0.45 m.

The proposed framework, RALT, is compared with fixed-threshold gap acceptance, a sampling-based lattice
planner, interaction-aware model predictive control, and a reinforcement-learning policy with a safety shield.
All the above methods have the same detection results and maps. Safety indices are as follows: collision rate,
minimum post-encroachment time, emergency braking frequency, and 95th-percentile peak deceleration. The
indices of efficiency include completion rate, stop-line-to-clearance time, gap utilisation and throughput.
Comfort uses jerk and lateral acceleration; calibration uses expected calibration error and Brier score.

Parameter tuning is not evaluation. A development split of 2,100 simulated turns is employed to select the loss
weight, baseline risk and maximum creep speed. The rest of the cases are unavailable for comparison. The
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nominal risk budget is 0.006, bounded by 0.002 and 0.012; the maximum creep speed is 1.8"m/s; the stopping
reserve is 1.2 m; and the predictor has six modes. Baseline values are adjusted to match the nominal completion
rates of the proposed method within a 2% margin of error before safety comparison.

The simulation matrix includes permissive signals, unsignalised T-junctions, four-leg intersections, legal and
contraflow cyclists, pedestrians entering before or after commitment, and constant-speed, yielding, assertive,
and late-acceleration vehicles. Occlusion is caused by parked vans, queued vehicles, vegetation and building
corners. Friction is 0.40-0.95 and the actuator delay is 70-220ms.

Paired bootstrap intervals are generated by 10,000 resamples, and scenario-level differences are assessed rather
than treating correlated time steps as independent observations [26]. Rare conflict scenarios are oversampled
during generation but are reweighted according to their naturalistic exposure frequencies in the reporting of
the main safety indicators [27]. Pre-planning analysis of predictor calibration will be performed independently;
otherwise, the probability results from mean trajectory estimates may be inaccurate [28].

Safety, Efficiency, Comfort, and Computational Results

Across the naturalistic simulation mixture, RALT completed 98.1% of turns with a collision rate of 0.18%,
compared with 0.71% for fixed-threshold gap acceptance, 0.46% for the lattice planner, 0.31% for interaction-
aware MPC, and 0.27% for the shielded reinforcement-learning policy. Median clearance time was 7.6 s, only
0.3 s slower than the learning policy and 1.5 s faster than conservative MPC. Mean throughput reached 428
vehicles per hour per approach, whereas fixed-threshold control achieved 391 and MPC achieved 374 [29].

The paired collision-rate difference between RALT and fixed-threshold control is -0.53 percentage points, with a
95% bootstrap interval from -0.66 to -0.39. Relative to MPC, the difference is -0.13 points with an interval from
-0.21 to -0.05. The learning policy is faster by 0.3 s but triggers emergency braking in 1.6% of turns, compared
with 0.7% for RALT.

Figure 3(a) shows that RALT kept collision rate below 0.35% across opposing flows from 300 to 1,200 vehicles
per hour, while fixed-threshold control rose from 0.22% to 1.34%; Figure 3(b) reports RALT completion times
of 6.1, 6.8, 7.7, and 9.4 s ; Figure 3(c) displays a post-encroachment-time distribution centered at 2.41 s, versus
1.72 s for the learning policy; and Figure 3(d) shows that 94.6% of RALT runs stayed below 2.0 m/s? peak
deceleration, compared with 81.3% for the lattice planner [30].

(a) safety versus opposing traffic (b) Mobility under increasing demand
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Figure 3. Density-stratified safety and mobility results: (a) collision rate versus opposing flow; (b) completion time versus opposing flow; (c)
minimum post-encroachment-time distribution; (d) peak-deceleration empirical cumulative distribution.
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Figure 4(a) relates predicted probability to observed frequency over 20 bins, yielding expected calibration errors
of 0.012 for RALT, 0.039 for MPC, and 0.067 for the learning policy; Figure 4(b) attributes collision reduction to
conflicttime prediction, adaptive allocation, backup supervision, and component interaction; Figure 4(c) shows
accepted gaps of 4.8 s on dry pavement, 5.4 s with 35% occlusion, and 6.2 s on wet pavement [31].
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Figure 4. Probability calibration and component analysis: (a) reliability scatter with confidence bands; (b) ablation contributions; (c)
accepted-gap distributions.

Figure 5(a) gives RALT normalized scores of 0.93 for safety, 0.88 for efficiency, 0.91 for comfort, 0.86 for
calibration, and 0.84 for computation; Figure 5(b) maps 95th-percentile solver latency from 28 to 63 ms as actor
count increases from 4 to 24 and mode count from 2 to 8; Figure 5(c) shows that risk consumption is dominated
by opposing vehicles before commitment and shifts to crosswalk users around the apex. Median end-to-end
latency is 41 ms, its 99th percentile is 83 ms, and deadline misses occur in 0.27% of cycles [32].

(a) Multi-objective profile (b) 95th-percentile latency (ms)
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Figure 5. multi-objective and real-time characteristics: (a) normalized radar comparison; (b) solver-latency heatmap; (c) stacked risk-budget
composition.
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Profiling assigns 13 ms to graph construction and prediction, 4 ms to candidate generation, 18 ms to trajectory
optimization, and 6 ms to supervision and message transport. Embedding reuse saves 7.4 ms in 72% of cycles.
Warm starting reduces the median iteration count from 4.8 to 2.6 and the 99th-percentile latency by 21 ms.

No contact occurs in 320 closed-course runs. The minimum measured post-encroachment time is 1.38 s during
a 50 km/h target approach with 0.45 m localization noise. Controlled braking is triggered in 11 runs. Peak
deceleration remains below 3.4 m/s?, peak jerk below 3.9 m/s3, and average lateral tracking error is 0.11 m
[33].

Robustness, Failure Analysis, and Generalization

Figure 6(a) shows that temperature scaling reduces expected calibration error from 0.048 to 0.012 in-domain
and from 0.091 to 0.029 under joint shift; Figure 6(b) gives collision-free survival of 99.1% for RALT at 3.0 s
occlusion, versus 96.8% for MPC and 94.9% for the learning policy; Figure 6(c) plots the safety-delay Pareto
frontier, where an adaptive budget of 0.006 produces 0.18% collisions at 7.6 s completion [34].
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Figure 6. Robustness under distribution shift: (a) calibration error; (b) collision-free survival; (c) safety-delay Pareto frontier.

Failure inspection identifies contraflow cyclists, correlated range bias during rain, and opposing drivers
accelerating after apparently yielding. The backup supervisor avoids collision in 37 of 41 injected cases, although
four cross the emergency-braking threshold and two exceed 4.0 m/s3 jerk [35].

Of 186 near-miss cases with post-encroachment time below 1.5 s, 61% involve behavioral change after ego
selection, 24% involve correlated sensing error, and 15% involve map or association error. This distribution
suggests that increasing predictor capacity alone would address only part of the residual risk.

Figure 7 (a) shows that risk increases sharply when occlusion exceeds 0.50 and target acceleration exceeds
1.5 m/s?, yet RALT holds 87% of such cases below an 0.5% event rate by selecting creep rather than commit;
Figure 7 (b) maps feasible-gap utilization from 0.82 at 0.05 m localization noise and friction 0.9 to 0.54 at 0.45
m noise and friction 0.45 [36].
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Figure 7. Failure-envelope analysis: (a) event-risk bubble plot; (b) feasible-gap-utilization contour.

Replacing conflict-time prediction with point trajectories increases collision rate from 0.18% to 0.43%. Fixing
the risk budget at 0.006 raises the wet-and-occluded collision rate from 0.31% to 0.58%. Removing backup
feasibility triples hard-braking events from 0.7% to 2.1%, while removing maneuver hysteresis increases state
switching from 1.4 to 3.8 transitions per turn.

Simulation-to-track transfer produces an 6.7% increase in completion time and an 0.09 m/s? increase in peak
lateral acceleration. Updating only the actuator-delay distribution recovers approximately two thirds of this gap
[37]. Sensitivity analysis shows that collision rate is most sensitive to minimum risk and stopping reserve, while
completion time is most sensitive to creep speed and progress weight.

The full simulation campaign is rerun with different random seeds, traffic-behavior priors, and solver
initialization. Collision rate changes from 0.18% to 0.20%, completion time from 7.6 to 7.7 s, and 99 th-
percentile runtimes from 83 to 86 ms, without changing the planner ranking.

When map confidence falls below 0.7, correlated localization error exceeds 0.6 m, or estimated friction falls
below 0.35, the tested envelope no longer supports an unprotected commit. The system then requests a
protected phase, reroutes, or remains stopped according to traffic rules.

Conclusion

This paper proposed a risk-adaptive framework for autonomous unprotected left turns that connects
interaction-aware perception with executable motion via a common conflict-time representation. Several
prediction methods are employed to construct a conflict-zone graph; an adaptive chance constraint is used to
convert uncertainty into an explicit manoeuvre budget; and finally, a jerk-limited optimizer generates readable
trajectories that meet the feasibility requirements for backing up. The evaluation design considers safety, delay,
comfort, calibration and computation in simulation, log replay and closed-course operation to determine
whether the architecture is an integrated driving function.

The system is not perfect. Its virtual-actor model represents occlusion conservatively but does not infer complex
hidden interactions, and its correlation correction is an approximation rather than a full joint occupancy model.
The closed-course sample cannot reproduce the behaviour diversity of public roads, especially unconventional
cyclist motion and informal negotiation. Performance is also affected by the map-level conflict topology; thus,
construction zones or temporary lane guides can reduce the quality of the graph to an extent that is visible.

Future work will learn correlation-aware occupancy distributions, integrate vehicle-to-everything messages with
explicit trust estimation, and extend the safety supervisor to mixed traffic containing multiple negotiating
automated vehicles. Extend the fleet trial to link scenario-level risk estimation with exposure-weighted safety
cases. A further way is to generate compact, human-readable maneuver explanations based on the same logged
risk allocation and clearance variables to help engineers and safety operators understand why the vehicle waited,
crept, committed, or used its backup.
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