


conventional kinodynamic sampling-based motion plannings future work. It is not obvious to design a valid funnel

methods such as KDF. controller for such an under-actuated, hybrid system as a
i i drifting vehicle to compare with KDF [23]. The most relevant
E. Overall Discussion work is RTD [4], [58], which has not been applied to

Through the above experiments, we have shown how othiese extreme dynamics. In future work, RTD’s reachable
proposed PARC approach confers advantages in computisgt can use PARC’s formulation to enable a direct drifting
and using BRAS. In near-danger scenarios, PARC is les®emparison, such that RTD’s only difference with PARC
conservative than FaSTrack and KDF since the former uses that it implicitly represents the avoid set. Due to this
a time-variant tracking error function, whereas the latter twsimilarity, we focus on demonstrating PARC’s capabilities
assume constant, worst-case tracking errors. While RTD cas opposed to a head-to-head comparison.
similarly handle time-variant tracking error functions, PARC ,
still outperforms it due to the lower numerical approximatiorP- Pemo Details
error from representing the planning model as a PWA system Extensive details are presented in Appendix I. Here, we
instead of a polynomial and using H-polytopes instead dirie y present setup, simulation results, and a discussion.
zonotopes. Finally, Neural CLBF cannot provide hard reach- 1) Planning and Tracking ModelsAs we saw in Section
avoid guarantees, resulting in many crashes with obstacle¥:A, a careful planning model design is critical to PARC’s

However, PARC still has room for improvement. Mostreach-avoid guarantees. In this case, we t an af ne time-

obviously, the safe plan computation time is on the orderarying model to drifting data collected by rolling out
of seconds for just a few obstacles; this is too slow foppen-loop drifting maneuvers. This not only guarantees a
real-time operation. In contrast, RTD [3], although moregeasonable planning model (i.e., it successfully parameterizes
conservative, can compute a new plan about every 51 misifting maneuvers) but also demonstrates the exibility of
in Section V-C. Typically, we expect motion planners withusing PWA models for PARC since they can readily be
real-time capabilities to compute new plans at least evelgarned from expert demonstrations.
0.5 s [4]. To achieve this for PARC, parallelization needs We use a tracking model based on [49], [50], [52], [59],
to be implemented in future work. Furthermore, the plandetailed in Appendix I. Our tracking controller is based on
ning model requires careful hand-crafting as shown in oJb9]: we rst use nonlinear MPC to bring the car into a
experiments. drifting state, then switch to open-loop control to complete
the parking action (since the vehicle loses controllability
when sliding sideways to a stop).

We now demonstrate the utility of PARC in safely plan- 2) Environment and Demo SetuThe objective of this
ning extreme near-danger vehicle drifting maneuvers, whedemo is to drift safely into a parallel parked state between
the robot loses controllability. two closely parked cars, as shown in Fig. 1 and Fig. 12. Our

Key result: PARC enables computation of provably safeenvironment is inspired by a real-world demo video [60].
drift parking trajectories for the rst time, extending the state We assess PARC’s ability to compute the BRAS for this

VI. DRIFT VEHICLE DEMONSTRATION

of the art. maneuver. We further evaluate safety trajectory rollouts using
initial conditions and trajectory parameters sampled from the
A. Background BRAS to check for collision.

1) Drifting: Drifting is when a vehicle turns with a  3) Results:The BRAS computed by PARC for drift park-
high sideslip angle, causing tire saturation and losing direatg is shown in Fig. 1b. The BRAS took 5.52 s to compute.
control of its heading [49]. Stable drifting can be achievedVe see that with the chosen controller and learned planning
by nding drift equilibria with constant yaw rate and model, every pair of initial planning state and trajectory
sideslip angle of the highly nonlinear dynamics [49] [52]. parameter in the BRAS results in safe drift-parking of the car.
Drift parking, however, remains challenging due to the highlyrig. 12a and Fig. 12b show the trajectories with the best and
coupled inputs [53] and reduced controllability as the vehiclevorst tracking error; in both cases, since the trajectories were
speci cally must not maintain a drift equilibrium [54]. sampled from the BRAS, the vehicle satis ed both safety and

2) Reach-Avoid Method Comparisofip the best of our goal-reaching.
knowledge, no other method can guarantee safety and live-4) Discussion:This demo showcased (i) PARC's capabil-
ness for drift parking. ity to generate safe and goal-reaching trajectories with chal-

Our drifting tracking model dynamics (see Appendix |) ardenging near-danger tasks such as reach-avoid drift-parking,
not control af ne, so directly applying a control barrier func-and (ii) the exibility of PARC in being compatible with a
tion (CBF) or CLBF control approach is not applicable.[55] planning model learned from data. We notice that the BRAS
[56]. Note that [15] poses a control af ne vehicle dynamicsds relatively small (see Fig. 1b) in the state space, indicating
model but does not include tire saturation, so it canndhat drift parking is indeed a dif cult maneuver. This empha-
drift. Furthermore, our planning and tracking models arsizes the importance for PARC to minimize conservativeness
too high-dimensional for standard Hamilton-Jacobi-Bellmain the BRAS computation. However, it also suggests that this
(HJB) value function computation [5], [57]. We also leavemaneuver is brittle to large changes in initial conditions, and
a comparison against learning-based HJB [13] approachBARC will struggle to nd drifting maneuvers for different
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