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Abstract

Safe and temporally consistent navigation in dynamic environments is hard for two reasons: limited
egocentric sensing and limited onboard compute. Standard navigators handle dynamics by tracking
individual obstacles. Tracking is fragile under occlusion, computationally heavy, and category-bound; the
representation grows with the number of obstacles. We propose an alternative: treat dynamic obstacles
as local deformations of a reusable clearance field. The robot maintains a single robot-frame relative
field rate on persistently known support, fuses observations into a two-layer field memory (slow static,
fast dynamic) to keep the corridor center line stable across turns, synthesizes a navigation manifold
on an arrival-conditioned predicted field, and continues that manifold across frames via a translate—
repair-optimize—validate tracker. Safety, performance, and stability decouple in center-line plus offset
coordinates: safety is a hard pointwise box constraint, performance is a banded QP, and the tracking
error is bounded by manifold normal velocity over the lateral gain. A multi-boundary field-CBF reads K
boundary samples directly from the clearance field; a guard-zone plus material-derivative time-to-contact
gate prevents intervention on distant boundaries; an adaptive but bounded buffer prevents discrete-time
grazing. Across six scenarios with 10 paired seeds each, the sensing-failure rate is exactly zero, the
headline empirical confirmation of the continuous-boundary assumption. A point-DS stress baseline that
strips the manifold from upstream of the same safety filter isolates the manifold’s safety contribution:
50% to 0% collisions on dynamic hallway and 10% to 0% on a 20 m dynamic corridor. The remaining open
issue is the field-of-view information limit on blind corners, which forces collisions on any FOV-restricted
controller.

1 Introduction

Object-level representations and their limits. Robots that navigate among people, doors, and carts
have, almost universally, been built on a representation that enumerates obstacles. SLAM plus semantic
segmentation plus a pedestrian tracker plus a planner that consumes tracked trajectories is the standard
architecture [11, 15]. The representation grows linearly with the number of obstacles, and every component is
brittle along a different axis: semantic segmentation fails on the long tail; trackers lose lock under occlusion;
the planner depends on the class label assigned to each obstacle. Workarounds exist for each failure mode,
but the representation itself — a list of typed objects — is the source of the brittleness.

The controller-sufficient signal. The relevant question for the controller is not where each object is,
but whether the passage is open and remains open until the robot transits it. Maintaining a clearance field
T (distance to the nearest boundary, regardless of class) reduces the dynamic environment to one signal: the
field’s relative rate of change in the robot frame, I'yo1. Pedestrians, doors, carts, and the robot’s own motion
all collapse into this rate. The controller’s decisions (proceed, yield, retreat) depend on I and L'l projected
onto a one-dimensional locus inside the passage, not on per-object state.

Approach. We build the navigator on three design principles. (i) Deformation, not tracking. Dynamic
obstacles enter the algorithm only as local deformations of the clearance field, with no object identities,
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Figure 1: Clearance-field deformation, not object tracking. Left, traditional pipeline: enumerate
obstacles, track each, predict per-object trajectories. Right, our representation: a single clearance field T'
whose contours deform as the world moves; the navigation manifold +; flows along the ridge of I'.

no semantic classes, no per-object filters. (i) Manifold continuation, not replanning. The local navigation
target is a curve 7; embedded in predicted free space. A stateful tracker translates the previous-frame
manifold forward, repairs the prefix inside an adaptive tube, regrows the suffix, and validates the result;
when the geometry remains regular the manifold persists, otherwise the tracker falls back to full extraction
and reports the cause through a three-category diagnostic. (iii) Stability-aware tracking. A closed-form
practical-stability bound relates the tracking error to the manifold’s normal velocity over the lateral gain;
the tracker is engineered to respect the C'-regularity condition the bound requires.

Scaling under limited egocentric compute. The algorithm’s state size does not grow with the number
of obstacles; it grows with the manifold discretization (N = 21 stations in our default). Manifold continuation
reuses the prior-frame solution, so per-frame work is dominated by a banded QP on a one-dimensional offset.

Because safety, performance, and stability decouple structurally, the safety analysis does not have to be
revisited when the performance objective or the predictor changes.

Contributions. C1: clearance-deformation navigation without object tracking, plus a two-layer field
memory (slow static and fast dynamic) that keeps the center line stable through turns and re-detections
(Section 4.1). C2: stateful manifold continuation via a translate-repair-optimize-validate tracker with
a three-category fallback diagnostic (Section 4.4). C3: decoupled safety, performance, and stability in
center-line plus offset coordinates (Section 5). C4: a multi-boundary field-CBF with a guard-zone plus
material-derivative-TTC activation gate and a bounded adaptive buffer; object-free and free of the medial-
axis gradient degeneracy of a single-scalar field-CBF (Section 4.3). Cb5: empirical validation in which a
point-DS stress baseline (same field-CBF, no manifold) isolates the manifold’s safety contribution (dynamic
hallway 50% — 0% and long corridor 10% — 0% collision rate), plus a component ablation that switches off
the tracker, the SLAM memory, and the multi-boundary CBF independently (Section 6).

2 Related Work

Classical learned dynamical systems for motion generation use fixed-point attractors and reshape the veloc-
ity field around known obstacles [4, 5]; the attractor is a point, so a changing local passage geometry does



not change the target. Our work replaces the point with a time-varying curve while keeping the DS con-
troller structure. Manifold-aware DS (neural geometric fabrics [13], SE(3) LPV-DS [10], partially-contracting
DS [7]) define the manifold from demonstrations or task structure; ours defines it from predicted free space
at runtime. Predictive navigators such as SCOPE [14] and Dynamic Gap [2] also decouple prediction from
policy, but feed sample-based planners; our predicted field feeds a manifold attractor, so passage selection is
an emergent geometric consequence rather than a discrete branch comparison.

CBFs [1] build h as the signed distance to a finite list of obstacles. In dynamic environments these
object-CBFs require either an obstacle tracker or a higher-order extension that estimates obstacle velocity;
recent work addresses these via observation-conditioned barriers [3], non-convex unsafe-set analyses [6], and
coupled barrier-certified DS [9]. We define the barrier directly on the clearance field via K active boundary
samples; apparent boundary motion enters through 0;I .., the safety layer stays object-free, and the medial-
axis gradient cancellation a single-scalar field-CBF would inherit is avoided by construction. Frenet-frame
methods [12] decompose motion similarly into a longitudinal reference and a lateral offset, but the reference
is a fixed lane center with no optimality property; in our formulation the zero-offset point is the clearance-
maximizing ridge, so any nonzero offset is an explicit, bounded trade. The dynamic-SLAM line [11, 15]
and object-level trajectory predictors [8] maintain per-object state and accept depth plus segmentation as
input; we accept only depth and never instantiate an object list, so comparisons in Section 6 are restricted
to baselines with comparable sensing requirements.

3 Problem Setting and Notation

Workspace and free space. Let W C R? be a compact, connected workspace with static boundary
OW. The time-varying obstacle set is O; = Ogpatic U Uf\/:(f) Ogi), with each dynamic component having a
continuously moving boundary. Free space is F; = W\ Oy; robot-feasible free space is F; = {x € F; :
d(l’, 802&) > rrobot}~

Clearance field. TI'(z,t) = d(z,00;) for x € F;, and 0 otherwise. For continuous-derivative arguments
we use the soft-min surrogate T', on smooth branches with ', — min; d; as @« — oo (Appendix A); the
implementation uses a discrete distance transform.

Robot and sensing. Single-integrator # = u, x,u € R?, exact for a holonomic omniwheel base. Robot
radius ryobot = 0.12 m; actuator caps maxv, = 0.75 m/s, maxv, = 0.5 m/s, maxw, = 1.2 rad/s. Sim-
ulated depth sensor: FOV 120°, range 2.5 m, field resolution 0.15 m. The intended deployment target
is an XLeRobot-class platform with Jetson onboard compute, an omnidirectional base, and an Intel Re-
alSense D455 RGB-D camera; the depth-to-occupancy-grid front-end that feeds Layer 1 is documented in
Appendix D. Hardware results are deferred to a follow-up report.

Continuous boundary deformation. Let Qg (¢) denote the robot-frame subset whose geometry is cur-
rently maintained from observation plus decayed local memory, and Qn(t) = Qg (t) N Qx(t — At) the
persistently known overlap.

Assumption 1 (Continuous boundary deformation). With RGBD sensing, no obstacle appears instan-
taneously inside ~(t): every observed boundary enters through the FOV boundary and then deforms
continuously.

The assumption is essential for the field-rate channel (Section 4.1) and the practical-stability bound
(Section 5.2). Tt excludes occluded teleporting motion and sensor dropouts, which Section 7 discusses.

Notation. Safety parameters: ropot, minimum safety margin d,;,, robustness buffer €, composed mini-
mum clearance pyin ‘= Trobot + dmin + €. Controller parameters: lateral gain & , longitudinal cap vyax. The
streamwise coordinate ¢ runs along a corridor center line ¢(¢) with unit tangent #(¢) and unit normal n(¢);
for a path in the tubular neighborhood of ¢, y(§) is the scalar lateral offset.
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Figure 2: Ego-motion vs. obstacle motion in I'yer. Pure ego-motion shifts field contours; after subtract-
ing the robot’s own motion (lower panels) the contours overlap (R =~ 0) under ego-motion and compress
(R < 0) under real obstacle motion. Closing is detected without instantiating the obstacle.

4 Method

The pipeline has three layers. Layer 1 builds an arrival-conditioned predicted clearance field from RGBD
observations plus a single robot-frame relative field rate. Layer 2 synthesizes the navigation manifold on the
predicted field via a two-stage solver and a stateful tracker. Layer 3 contracts toward the manifold with a
manifold-DS controller and projects onto safety with a multi-boundary field-CBF whose boundary-motion
term enters through 9;I'cyy, so obstacle motion is handled without an obstacle list.

4.1 Layer 1: arrival-conditioned field prediction

Layer 1 maps the latest RGBD frame and pose into two field-level quantities: the robot-registered current
clearance field Iy (2, t), fused from observation within the FOV and a two-layer field memory outside it;
and the robot-frame relative field rate, computed only on the persistently known overlap Qn(t):

(f,t) B Fr(fa t— At)

. Fr
Frcl (57 t) = At )

g € Qﬁ (t)’ (1)
and zero elsewhere. An EMA filter produces f‘rel,sm.

Two-layer field memory. A robot-centric memory that decays uniformly forgets static structure as
quickly as it forgets the latest pedestrian, which destabilises the center line ¢(£) under robot rotation. We
separate the oft-FOV memory into two world-frame layers on a shared 0.10 m grid, dynamically grown as the
robot explores. The static layer M;(z,t) accumulates evidence with slow decay (per-step retention 0.999,
Ts & 750 steps); the dynamic layer My(z,t) accumulates fresh occupancy with fast decay (retention 0.5,
74 ~ 1 step). The oft-FOV portion of T'¢y,, is reconstructed from a distance transform on max(M;, My). The
static layer preserves ¢(£) across robot rotations; the dynamic layer’s fast decay prevents a moving obstacle
from leaving a residual occupancy trace that the CBF would subsequently interpret as a closing boundary.

Arrival conditioning. The planning field is conditioned on the time the robot will arrive at each point.
With travel-time horizon h(z) = min(dgeo(Zrobot; &)/ Vace(t), Hmax),

I(z,t) = Teure (2, t) + h(x) c(x,t) cprea (2, t) TreLsm (2, ), (2)

where ¢ is an observation-confidence decay and cpreq a trust decay in h(z). The valid predicted clearance
field is T'prea = bwdist(—~{I' < 0})-res. The construction answers “what will the clearance be when the robot



arrives at x,” not “what is it now”; transient compression that resolves before arrival does not appear in
Iprea (Appendix G).

4.2 Layer 2: manifold and solver

We define the navigation manifold 7 C F/ as a smooth arc-length-parameterized curve with unit tan-
gent 7(s) (Appendix G illustrates the ridge-dynamics view of 7, as a ridge curve on the height func-
tion I'). The manifold is required to satisfy six post-hoc verifiable properties: P1, robust traversability
infs D(7;(8),t) > pmin; P2, conditional goal progress; P3, branch persistence across replans; P4, spatiotem-
poral C'! regularity sup,||7; (s) — ¥ a(s)|| < LAt P5, positive reach exceeding the tracking-error bound;
P6, controlled termination when no continuation satisfies P1-P5. The theoretical results depend on P1-P6,
not on the solver.

Center-line plus offset. Within a corridor chart parameterized by ¢(£), any candidate manifold in the
tubular neighborhood reduces to a scalar offset:

7: (5) = C(g) + y* (57 t) n(£)7 y* = yridgc + 5y*7 (3)

where Yrigge(§,t) = argmax, Iprea(c(€) + yn(€),t) is the safety base. The offset representation inherits
regularity from ¢ and y (Appendix A).

Two-stage solver. The decoupling proposition (Section 5.1) implies safety becomes a pointwise box con-
straint 0y (&) € [0-(€),04(€)]. Stage 1 extracts yriqge and [0_,d,] per station (a 1-D argmax and threshold
query, no iteration). Stage 2 solves a banded QP for dy that penalizes curvature and tangent variation (proxy
for P4-P5) and resists unnecessary branch switching (proxy for P3); for the common quadratic objective
J = [w1]6y — 0yret|* + w2 |6y’ |* + w30y |* d€ the Hessian is tridiagonal and solvable in O(N) over N ~ 15-25
stations. The solver runs every Ngip = 3 control steps (the CBF runs every step), warm-started from the
previous frame. Pseudocode is in Appendix B.

4.3 Layer 3: manifold-DS controller and field-CBF
Manifold-DS controller.

z=—kj e (z1) +k“|(t) Tt(me(x)) + ucpr (2, t), (4)

where e = x—~; (m(x)) is the transverse error and m; is the unique projection (guaranteed by P5). The lon-
gitudinal gain is synthesized from the predicted field: k() = clip(veruise (Pridge; Mmin) +apred (£)Po, 0, Vmax),
with vepuise monotone in clearance and the arrival-conditioned margin, and apreqa € [0, 1] the maximal feasible
predictive commitment.

Anti-freeze progress floor. The controller and the CBF are both conservative; their composition can drop
||nom|| to near zero in tight crossings. Before passing unom to the CBF, if the manifold is feasible and the
tangent-projected magnitude |u,[ 7| falls below v2728™% we boost it to v2°%"*** along 7;. The CBF remains

nom min min

free to clip if any constraint would dip below its discrete-time buffer.

Multi-boundary field-CBF. The safety layer reasons about a field, not about object identities. A single-
scalar barrier h = D¢y — [sate at the robot’s position compresses all surrounding boundary information
into one gradient; near a medial axis or a multi-agent sandwich the spatial gradient vanishes even though
o' < 0, and the CBF perceives a closing boundary but has no preferred direction to project against. We
avoid this without leaving the field formulation. Sample K near-boundary points {bi}iK:1 from Deypr (cells
with Teprr < 2T gate within a search radius, projected to their nearest boundary along —VT¢y,,). For each b;,
define

N Tyrobot — b;
hi = erobot - bl” — Trobot — dmiru n; := M’ (5)
”xrobot - sz

and read the apparent closing rate from the field, h; = —O4eurr (b3, 1) /| VT curr (0:)||. The QP is

UCBF = arg muin||u — unomH2 s.t. ﬁ;ru +h; + acpr(h; — dpusi) >0, Vi, (6)



solved by a small active-set projection. Cancellation cannot occur because the K normals live in distinct
half-planes by construction. Boundary samples come from the field; no object list, no semantic class, no
tracker.

Guard zone plus material-derivative time-to-contact gate. Constraint ¢ is committed to the QP only if
||Zrobot — bi]] < Repe or its time-to-contact is short, with TTC computed from the material derivative of T
along the nominal command:

Fcurr(bi7 t) - 1—‘safe

TTCz = .
maX(O, _[8trcurr(bi, t) + vxrcurr(bia t)TUnom])

(7)

Using 0;I" alone misses robot-induced closing; the material-derivative form captures the case where the robot
itself drives toward a static obstacle without estimating obstacle velocity. The gate eliminates the standing
intervention an always-on CBF would impose in open corridors with distant boundaries.

Bounded adaptive buffer. Under discrete control with timestep At and worst-case relative velocity, the
continuous-time CBF can graze the boundary and penetrate it on the next step. We inflate each h; by

dput,; := clip(8 - max(0, —h;) - At, d{;ﬂ;‘, bt ) (8)

hard-capped to prevent unbounded inflation that would steal performance on legitimately fast closing. With
max

max = 0.25 m and At = 0.2 s this matches the closing geometry of a 1.25 m/s walker without becoming
permanent.

4.4 Manifold continuation: translate—repair—optimize—validate

Running the two-stage solver from scratch every frame wastes information: under P4 the manifold barely
moves between frames, so the prior-frame solution is a near-optimal warm start. The tracker performs four
operations per frame. Translate. Advance 7;_ A, by the arc length the robot traveled. Repair. For each
station, search inside a local adaptive tube around the predicted offset, with a branch-switch hysteresis
penalty; the first unrepairable station triggers regrowth of the suffix from the last valid station. Optimize.
An extended QP reconciles the data term, spatial smoothness, homotopy preference, and a temporal term.
Validate, or fall back. The result is checked against five categories of desync trigger: cold start, task reset (goal
change), sensing failure (pose jump beyond threshold, lateral drift beyond threshold), regular continuation
failure (tube collapse, tangent disagreement, FOV exit, QP overshoot), or successful continuation. The per-
frame diagnostic struct records the outcome with fallback_category in {none, task reset, sensing_failure,
regular_continuation_failure}. Section 6 reports tracking utilization, temporal deviation, and per-category
fallback rate from this struct. The adaptive tube radius enforces a per-station bound on |Ay;| that is the
discrete-time analogue of the P4 constant L in Section 5.2.

5 Analysis

We state three results. Proof sketches appear inline; full versions are in Appendix A.

5.1 Safety—performance decoupling

Proposition 1 (Decoupling). In a non-degenerate single-passage corridor chart, let Yrigge(§) € arg max, p(&,y)

and suppose Oyyp(&, Yridge(§)) < 0. With 6y(&) = y(&) — Yridge(§), the safety constraint p(§,y(§)) = pmin is
equivalent to the pointwise box dy(§) € [0-(§), 0+ (&)].

Sketch. The strict concavity makes the upper level set an interval [y_ (), y+(§)]; subtracting yridge gives
the box. Any performance objective is now a functional of dy subject to that box; safety does not appear
in the performance solve. This is strictly stronger than a weighted-sum formulation, whose safety guarantee
degrades continuously as the performance weight grows.



5.2 Practical-stability bound
Definition 1. v#(t) := sup, ||(I — 7¢(5)7(s) )0y (s) |-

Proposition 2 (Tracking-error bound). Under (4) with P1-P5, the transverse tracking error obeys ||e1 ()| <
e F - le L (0)]| + sup, <, vy (1) /L.

Sketch. The transverse component of (4) is a contracting linear system driven by the manifold’s normal
velocity. P4 bounds the driving term, so the steady-state error is bounded by L/k, . Empirically, the per-
frame temporal-deviation surrogate sup,||v; (s) — v;_a:(s)|| is bounded by ~ 0.094 m (mean) and ~ 0.28 m
(p95) across all six scenarios at At = 0.2 s (Section 6), consistent with L < 0.5 m/s.

5.3 Controller-sufficient statistic and CBF forward invariance
Definition 2. P[] = (pridge,ﬂﬁfégcayridge, Uridges T 0—, 0+ ), all 1-D functions of £ along ~;.

Proposition 3 (Controller-sufficient statistic). For controller (4) with the longitudinal law of Section 4.3
and P38, (P[L), aprea) together with the local field neighborhood at the robot is sufficient to compute u(t) and
all predictive-feasibility decisions.

Implication. The 2-D clearance field is never accessed after projection, so the only quantities that must
be accurately predicted are 1-D functions of £. Prediction complexity scales with manifold length, not
workspace area. This is the structural reason why field-level prediction is tractable on embedded compute.
The field-CBF reads I'cyrr and O cyrr at the boundary samples but does not require any prediction.

Forward invariance under the multi-boundary field-CBF. If the QP (6) is feasible and the closed-
loop trajectory is absolutely continuous in Qn, standard CBF arguments give forward invariance of (), {z :
h; > dputi } over the active set. A closing boundary at b; (O curr (bs,-) < 0) decreases the slack of constraint
1 even when the robot is stationary, forcing ucgr to retreat along 7; at the apparent rate —9,I'/||VT|.
The reaction is obstacle-motion-aware without any obstacle-velocity estimate, and the multi-boundary form
supplies a non-degenerate retreat direction even when VI cancels at the robot’s position. The argument
breaks at the FOV boundary: a region that enters 2 for the first time has no history to differentiate against,
and a fast obstacle traversing that boundary can cross the safe set within a single control step. Section 7
characterises the regime in which this constraint binds.



6 Experiments

Rollout Animation: p3_dual_channel_scene frame 145 /192

Raollout Animation: hallway_pedestrian_scene frame 145 / 180

Raollout Animation: hallway pedestrian_scene frame 127 / 164
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Figure 3: Three successful 2-D rollouts. Top: dual-channel passage, the robot selects the lower channel
of a split corridor without instantiating either channel as an obstacle. Middle: hallway with four oppos-
ing pedestrians, the manifold continues through every encounter with no collisions and no sensing-failure
fallbacks. Bottom: hallway with pedestrians moving in random directions, the trajectory winds around
four randomly-placed walkers. Cyan cone: camera FOV; small green curve ahead of the robot: navigation
manifold ~;; green pentagon at the right: goal.

Figure 3 shows three representative 2-D rollouts. We test seven claims quantitatively. (Q1) The pipeline
reaches a static-environment goal in a single deterministic sanity run. (Q2) Manifold continuation dominates
in normal operation, and sensing failure serves as the empirical diagnostic for Assumption 1. (Q3)
Temporal deviation remains within the P4 bound. (Q4) A point-DS stress baseline isolates the manifold
layer’s safety contribution upstream of the shared multi-boundary field-CBF. (Q5) Per-layer compute meets
a candidate-platform budget. (Q6) The safety-filter design path is justified by a stepwise ablation from
object-CBF through the final gated multi-boundary form with bounded buffer. (Q7) Each load-bearing
pipeline component (continuation tracker, two-layer field memory, multi-boundary CBF) is verified to be
necessary, with a classical DWA local planner as a sensing-agnostic reference.

Setup and baselines. Numbers come from the Python reference implementation; the configuration is the
one tabulated in Appendix B. Point-DS is (4) with 4} replaced by a single point attractor and k| replaced by
a constant goal-attraction gain; both methods share the identical multi-boundary field-CBF, so any safety
gap is attributable to the manifold layer upstream. DWA is a classical local planner over the same sensor
input but no DS / manifold / field-CBF layer.

Scenarios and metrics. Six scenarios, 10 paired seeds each: corridor crossing (two pedestrians), dynamic
hallway (one opposing walker), occluded boundary (a walker partially hidden), FOV-limited blind corner,



Table 1: Q4: point-DS stress baseline vs. ours. 10 paired seeds; both methods share the identical
multi-boundary field-CBF, so the manifold is the only upstream difference. Bold = winner per metric.

Collision (%) | Min. clearance (m) 1 Jerk RMS |
Scenario point-DS ours point-DS ours point-DS ours
Corridor crossing 0.0 & 0.0 0.0 & 0.0 0.450 0.270 0.029 0.538
Dynamic hallway 50.0 &+ 50.0 0.0 + 0.0 0.150 0.279 4.43 1.34
Occluded boundary 0.0 £0.0 0.0 £ 0.0 0.350 0.200 5.31 0.889
FOV limited 100.0 £ 0.0 100.0 £+ 0.0 0.050 0.050 0.051  0.948
Long corridor (dyn.) 10.0 &+ 30.0 0.0 + 0.0 0.295 0.271 4.79 1.38
Cluttered (5 occl.) 0.0 + 0.0 0.0 = 0.0 0.295 0.250 5.19 2.49

Note. Paired comparison across the six scenarios reported, 10 seeds each. Both methods share the identical multi-boundary
field-CBF, so any safety gap is attributable to the manifold layer upstream. Bold = winner per metric. Full table with
standard deviations on every cell is in Appendix E.

long corridor (20m with one opposing walker), and cluttered (5 static occluders with one crossing walker).
Safety metrics in the body: tracking utilization (M1), temporal deviation (M2), per-category fallback rate
(M3), safety margin (M4), collision rate (M5), RMS jerk (M6). Supplementary metrics are reported in
Appendix E.

Q1: static-environment baseline. The full pipeline reaches a 23 m static-corridor goal in 43.4 s (single-
seed deterministic run, all contract checks pass); five tracker integration tests verify the P3 and P4 invariants;
all 58 unit tests pass.

Q2 and Q3: tracker invariants. Across the six scenarios, sensing failure is exactly 0% on every
seed; continuous boundary deformation (Assumption 1) holds on persistently known support even on the
occluded-boundary scenario built to stress it. Tracker utilisation ranges from 46.7% (FOV limited, where the
relevant geometry enters the FOV mid-rollout) to 98.7% (occluded boundary, where the static memory layer
holds the center line through the occluder). Temporal-deviation mean stays < 0.094 m and p95 < 0.28 m
at At = 0.2 s, consistent with the P4 bound L At at the design Lipschitz constant. Full Q2 and Q3 tables
(per-category fallback rate, p95 temporal deviation, minimum clearance) are in Appendix E.

Q4: manifold ablation against point-DS. The manifold layer absorbs head-on closing geometry on
dynamic hallway (collision rate 50% — 0%; mean minimum clearance 0.279 m vs. 0.150 m) and long corridor
(10% — 0%), although both methods share the same safety filter. On the three static-clutter scenarios neither
method collides; point-DS exhibits a slightly higher instantaneous minimum clearance because its constant
goal-attraction term keeps it near the geometric center of the corridor, whereas our method tracks the ridge
of the arrival-conditioned predicted field I'preq and commits earlier to the lateral side where the obstacle
will not be at arrival time. The lower instantaneous clearance therefore reflects a measurement against the
current obstacle position rather than the predicted one; under fast head-on closing, the same prediction layer
steers our method to a safe lateral offset before the obstacle reaches the robot, which accounts for the lower
collision rate despite the smaller instantaneous margin. On the FOV-limited blind corner both methods
collide: the obstacle enters the persistently-known overlap with no ;I history, an information-theoretic
limit shared by every FOV-restricted controller rather than a difference between the two upstream nominal
commands.

Q6: safety-filter design path. The multi-boundary form, the bounded buffer, and the TTC plus guard-
zone gate were obtained through a sequence of incremental ablations. Table 2 reports the M5 collision-rate
trajectory on the dynamic-hallway diagnostic as the safety filter is rebuilt one design choice at a time,
holding the rest of the pipeline fixed. Object-CBF to single-scalar field-CBF': the field formulation removes
the obstacle-list bookkeeping but inherits a medial-axis gradient cancellation the legacy form does not have.
Single-scalar to multi-boundary: drops the baseline from 60% to 10% by restoring directional authority



across K boundary samples. Material derivative in TTC': catches the case where the robot itself drives into
a static obstacle; 9;I" alone misses robot-induced closing. Bounded buffer: an unbounded adaptive buffer
overshoots on fast head-on closing; capping at dp\* = 0.25 m is the smallest value that keeps the head-on
case stable while letting open-corridor cruise stay unconstrained. Two-layer SLAM-like field memory: the
final 20% — 0% drop comes from a stable center line; the tracker holds its solution through the crossing, so
the nominal command arriving at the CBF is already deflected away from the closing wall.

Table 2: Q6: safety-filter design path on dynamic hallway (M5 collision rate, 10 seeds, pmin = 0.2 m,
At = 0.2 s). Each row replaces a single design choice while holding the rest of the pipeline fixed; the terminal
row is the configuration used in Section 6.

Safety filter (this column varies) point-DS  ours
Object-CBF over a finite obstacle list (legacy) 60% 30%
Single-scalar field-CBF h = I'curr — Lsafe at robot 60% 40%
Multi-boundary field-CBF, K samples, no gating 10% 20%
+ TTC+guard-zone gate, 9" only 80% 50%
+ material derivative in TTC 30% 30%
+ bounded buffer di = 0.25 m 50% 20%

+ two-layer SLAM-like field memory (final) 50%" 0%

t point-DS does not consume the SLAM memory (unom has no center-line dependency); the 50% figure is the bounded-buffer
plus gated CBF over a point attractor, shown as a fixed-CBF reference.

Q7: component ablation. We also switch off each load-bearing component independently (no continu-
ation: Tier-2 tracker off; FOV only: two-layer memory off; single-scalar CBF: mb X = 1) and run a classical
DWA local planner as a sensing-agnostic reference (Table 3).

Table 3: Q7: component ablation across four base scenarios (10 seeds per scenario, 60 s). M1 =
tracker utilisation, M5 = collision rate.

Corridor crossing Dynamic hallway  Occluded boundary ~ FOV limited

Variant MLt M5) MIt+ M5)  Ml4 M5 | MLt M5
Ours (full) 57% 0% 2% 0% 99% 0% 47%  100%
— continuation (Tier-2 off) 0% 0% 0% 0% 0% 0% 0%  100%
~ two-lager memory (FOV only)  73% 0% 1% 20%  58% 0% 52%  100%
— multi-boundary CBF (mb X = 1) 59% 0% 69% 10% 98% 0% 74%  100%
point-DS stress baseline 100% 0% 100% 50% 100% 0% 100% 100%
DWA local planner 100% 0% 100% 90% 100% 0% 100% 100%

Note. M1 = tracker utilisation (%); M5 = collision rate (%). Lower M5 is better; M1 = 0 for variants with no continuation
tracker by construction. The FOV-limited column is the information-theoretic limit and every variant collides.

The full stack is the only variant achieving 0% collision rate on the three non-FOV-limit base scenarios.
Collapsing the CBF to a single boundary reintroduces the medial-axis gradient cancellation on dynamic
hallway; disabling the two-layer memory removes the static layer that stabilises the center line; the DWA
reference collides on 90% of dynamic-hallway seeds because it lacks a predictive-geometry layer.

Q5: compute. On the host platform the manifold solver dominates (5.4 ms mean) and everything else,

including the multi-boundary CBF QP, finishes below 0.3 ms; the combined per-frame mean at 73% tracker
utilisation is &~ 5.8 ms, under the 200 ms control period. Full per-layer table in Appendix F.

7 Limitations

The continuous-boundary assumption (Assumption 1) precludes extrapolation across long occlusions; en-
vironments with semi-transparent obstacles or instantaneously appearing obstacles are out of scope. The
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field-CBF inherits the FOV’s information limit: a point entering the persistently-known overlap for the first
time has 9;I" = 0 by construction, so an obstacle that traverses the FOV boundary in less than the worst-case
reaction time can force a collision on any FOV-restricted controller (the failure mode shared by both methods
on the FOV-limited blind corner). The mitigation is deployment-side (lower vyax, larger Iyate, wider sensor)
rather than algorithmic. The manifold tracks the ridge of I'preq rather than the geometric center of the
corridor, which yields a slightly lower minimum clearance in open corridors with slow obstacles; the value
remains above pnin, so the gap is a trade between conservativeness and centrality, not a safety violation.
The offset representation (3) is valid inside a single corridor chart; multi-chart topology (branch merges,
splits, rooms with islands) requires re-chartering, and extensions to differential-drive or bicycle kinematics
require a control-input transformation that we have not validated.
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A Proofs

Proof sketches below outline the arguments; the full versions are in the supplementary technical report
shipped with the code release.

A.1 Proof of Proposition 1 (Safety—Performance Decoupling)

Sketch. The cross-section clearance profile p(&,y) is the restriction of T' to the cross section at £. By
definition yridge(§) € argmax, p(&,y). The strict concavity assumption dy,p < 0 at the ridge implies yriqge
is a unique local maximizer. The set {y : p(&,y) > pmin} is the upper level set of a strictly concave
function, hence an interval [y_ (&), y+(£)]. Subtracting yriqge(§) gives the box [§_(£),d4(€)]. Any path with
dy(&) € [6-(), 0+ (&)] pointwise satisfies p(&,y(§)) > pmin. The performance objective is now any functional
of §y subject to the box; the safety geometry pmin does not appear in the performance solve. |

A.2 Proof of Proposition 2 (Tracking-Error Bound)

Sketch. The transverse component of (4) reduces, under the projection 7, to
€1 = —kyie, + (transverse component of 9y} ).

The driving term has magnitude at most v#(t). Standard scalar comparison gives

sup, <, v5 (1)

t
les @ < e *JleL (0)]] + / D (rydr < e len (0))| + —
0 L

P4 bounds UWL, hence the steady-state error is finite. O

A.3 Proof of Proposition 3 (Controller-Sufficient Statistic)
Sketch. The control output is

u(t) = —ki(z =7 (mi(2))) + ky () 7e(7m: (%)) + uopr (2, 1).

The first two terms read only v} (¢ (2)) and 74(7¢(z)), both elements of P[I']. The longitudinal gain k) uses
Pridge (T¢(2), 1), Mmin(t), and apred (t); the first two are in P[I'] and apreq is the maximal scalar commitment.
The multi-boundary field-CBF ucpr (6) reads I'cyyr in the boundary-sample neighborhood and 0;I'cyy at
those samples, both maintained by Layer 1; this is local field information, not a manifold-projection element.
The performance residual dy reads 01, Yridge; Uridge, all elements of P[I']. Therefore (P[], aprea) together
with the local field neighborhood at the robot is sufficient. ]
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B Implementation Details

Layer 1: field and prediction. EMA smoothing factor agma = 0.3; observation confidence decay
Tdecay = 2.5 s; prediction trust decay Tpreda = 1.5 s; maximum horizon Hp,ax = 2 s; nominal robot speed
Urobot,nom = 0.4 m/s; minimum exec speed floor vexec,fioor = 0.05 m/s.

Layer 1: two-layer field memory. Memory grid resolution 0.10 m, dynamically grown world-frame
bounds. Static layer per-step retention 0.999 (75 & 750 steps); dynamic layer retention 0.5 (74 = 1 step).
Off-FOV reconstruction uses max(M;, My) as occupancy then a distance transform on the same grid.

Layer 2: manifold solver. Ngiations = 21 (rear 6, forward 14); cross-section sampling M55 = 31
with half-width 1 m; pmin = 0.2 m; solver-skip Ngwip = 3; forward horizon Lyorizon = 4 m; rear horizon
Licar = 1.2 m; smoothness weight wsmeoth = 0.5; homotopy weight wWhomotopy = 0.2; rear-observation
minimum confidence 0.3.

Layer 2: manifold tracker. Tracker fallback thresholds: dynamic-step fallback 1.5 Liorizon/Ntwa; lateral
fallback 0.40 m; tangent-fallback cosine 0.30; pose-jump fallback 0.50 m; goal-jump fallback 1.0 m.

Layer 3: controller and progress floor. &, =4; &, = 0.2; vpax = 0.5 m/s; cruise reference clearance
Spref = 0.4 m; margin saturation [Siow, Shign] = [0,0.15]; deceleration agecer = 0.5 m/s?; control delay
dtgelay = 0.05 s; heading gain Kpcading = 2; command frame: body. Tangent-projected anti-freeze progress
floor vPIE" = 0.10 m/s.

Layer 3: multi-boundary field-CBF. acpr = 2; ['sate = Trobot +dmin = 0.12+0.10 = 0.22 m. Boundary-
sample radius Rsample = 0.7 m; guard zone Rcps = 0.30 m; TTC threshold Tepe = 0.40 s from material
derivative dlpom/dt = O + VoI Tupom (7). Bounded buffer (8): 8 = 1, dPin = 0.05 m, d"% = 0.25 m,
At = 0.2 s. Active-set QP for projection; anti-degeneracy fallback installs a manifold-tangent normal or an
emergency stop if the spatial gradient cancels and a non-trivial cone of boundary normals is not available.

Robot and sensor. rypor = 0.12 m; actuator caps maxv, = 0.75 m/s, maxv, = 0.5 m/s, maxw, =
1.2 rad/s. Simulated sensor: FOV 120°; range 2.5 m; field resolution 0.15 m; occlusion modeling enabled.

Algorithm 1 Two-stage manifold solver

1: Input: predicted field I'preq, active center line ¢(€), warm-start dy,—a¢

2: Output: discrete manifold {~;}, satisfying P1-P6

3: fori=1,...,N do > Stage 1: ridge extraction
4: Yridge (51) < argmaxy Fprcd (C(fz) +y n(fl)) t)

5 [0-(8), 04+ (&)] < {y — Yridge(&) : p(&irY) > proin}

6: end for

& 6y* < arg minéye[é,,zh] Jsmooth[éy] + Jhomotopy [5:‘/}

8: i ¢ (&) + (Yridge(&i) + 0y (&) n(&;) for i =1,..., N

9: return {v;}¥,

Two-stage solver pseudocode.

C Reproducibility

Code release. All algorithm code (Python reference, MATLAB algorithm package, ROS 2 C++ skeleton),
every scenario file, every per-seed metrics file, the experiment manifest, the table-generation scripts, and the
MLflow run logs ship with the anonymized submission and will be released without anonymization upon
acceptance.
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Static long-corridor sanity (Q1). Single-seed deterministic MATLAB run on a 24m static corridor:
start (0.5,0,0), target (23.0,0), tolerance 0.35 m, duration 50 s, At = 0.2 s. Final pose (22.900, 0, 0), arrival
time 43.4 s, all six contract checks pass.

Six dynamic scenarios. Entry point is the Python rollout driver, parameterized by scenario name and
algorithm (slam_ds or point_ds). For each of the six scenarios, both algorithms are run on seeds 0-9, then
aggregated to per-scenario JSON; a separate script emits the paper tables.

Random-seed schedule. Seeds 0-9 are used for every paired scenario; the same seed produces the same
walker timing and lateral-offset draws for both algorithms, so comparisons are paired. Algorithm-internal
randomness is seeded from the same seed.

Hardware platform. The reported numerical results are simulation-only. The deployment target is an
XLeRobot-class omniwheel base with Jetson onboard compute, an Intel RealSense D455 RGB-D camera,
and the depth-to-occupancy-grid front-end of Appendix D. A Gazebo closed-loop test stack mirrors the
procedural-simulator scenarios but is not the source of any number reported here.

D Deployment Pipeline: Gazebo, Hardware, and the Occupancy-
Grid Front-End

This appendix documents the simulation environment used for closed-loop integration testing (beyond the
procedural rollouts that produced the numerical tables) and the deployment-side occupancy-grid front-end
that feeds T'cyyr from a real RGBD sensor. The paper’s numerical evidence (Section 6) is from the synthetic-
sensor simulator; the contents of this appendix are deployment artifacts that the open-source release ships
with but does not yet supply numerical results for.

Experimental Validation Pipeline: From Simulation to Real-World Autonomy

Stage 1 N | Stage 2 ' Stage 3 -' Stage 4 ]
2D MATLAB SIMULATION 3D GAZEBO SIMULATION LABORATORY TESTBED |0FFICE ENVIRONNT AGH 342 |
(Perception Noise) (Real Perception)

Increasing Environmental Complexity

Figure 4: Experimental validation pipeline from simulation to real-world autonomy. The proce-
dural simulator (Stage 1) produced the numerical evidence in Section 6; Stage 2 Gazebo and Stage 3 lab
testbed are integration platforms; Stage 4 office deployment is the eventual target. Stages 2—4 are out of
scope for the present paper.
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D.1 Gazebo simulation worlds

A Gazebo-based closed-loop test stack is built on the XLeRobot platform model (Figure 5): an omnidi-
rectional mobile base, two arm assemblies, grippers, and an RGB-D camera mount. The mobile base is
controlled through a unified ROS velocity-command interface; the high-level navigation pipeline publishes
planar velocity commands and a lower-level controller maps them to the omni-wheel base. Two simulator
backends are supported: a physics-based omni-wheel backend that exposes wheel-ground contact artifacts,
and an ideal planar backend that isolates navigation behavior from contact noise.

Five corridor worlds mirror the procedural-simulator scenarios visually and physically: a long corridor,
a corridor split by a center wall (passage-selection), a two-channel corridor with static passage selection, a
door-like dynamic obstacle, and a long corridor with moving cylindrical pedestrian obstacles. The Gazebo
stack bridges sensor data to ROS topics: RGB image, depth image, point cloud, camera calibration, robot
state, odometry, and base controller interface.

Office 2D Virtual Environment

Office Layout - Double-Y Polyshape
16 1

14

12

Gazebo simulation with the XLeRobot platform. 2D MATLAB office layout (procedural simulator).

Figure 5: Two of the four validation environments. The procedural simulator (right) is the source of
all numerical results in this paper; Gazebo (left) is the closed-loop integration platform.

D.2 Hardware platform (intended deployment target)

The deployment target is an XLeRobot-class platform: NVIDIA Jetson Nano onboard compute (Jetson Orin
Nano Super for production), an omnidirectional mobile base with three omni wheels, two 7-DOF robotic
arms, and an Intel RealSense D455 RGB-D camera. The hardware platform is built for closed-loop sim-to-real
evaluation against the Gazebo scenarios. The main hardware perception component is the RealSense-based
occupancy-grid pipeline of Section D.3. Full autonomous hardware navigation is not closed in the present
paper; the missing component is calibrated odometry for the omnidirectional base. Without calibrated
odometry, the pose estimate against the local occupancy grid is too noisy to safely deploy the DS controller
and CBF in closed loop.

D.3 Depth-to-occupancy-grid front-end

The hardware and Gazebo front-end converts a rectified depth image into a 2-D occupancy grid that feeds
Layer 1’s I'¢yyy via the existing camera-to-current-field module. The pipeline is summarized below.
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Table 4: RealSense depth-filter parameters (current deployment).

Stage Parameter Value
Decimation magnitude m 3

Spatial filter magnitude / smooth-« / smooth-§ / holes-fill 4 /0.25 /30 / 2
Temporal filter smooth-a / smooth-§ / persistency 0.40 /20 /3
Hole filling mode 1
Disparity-domain filtering  enabled true

Inputs. A 16-bit depth image D € N#r*W1 in millimeters with intrinsics K = diag( f, fy, 1) plus principal
point (¢g, ¢y). The current deployment uses f, = f, = 434.27, (cg,¢y) = (431.77,240.45), 30 FPS, depth
units 1 mm.

Pipeline.

1. Decode depth and apply a RealSense-style filter chain: decimation — disparity transform — spatial
filter — temporal filter — inverse disparity transform — hole filling. The composition is D; = Fye ©
Td_islp 0 Fiemporal © Fypatial © Tdisp © Faecim (D). Filter parameters (Table 4) follow the RealSense vendor
defaults.

Project each valid depth pixel to a 3-D camera-frame point via the pinhole model.

3. Apply a vertical-slab filter ¥ € [Ymin, Ymax| (current deployment: [—0.1,0.1] m) so that only points near
the navigation plane contribute to the 2-D grid.

4. Rasterize the surviving 3-D points into an (z,z) grid with cell resolution r = 0.05 m, grid bounds
x € [—6,6) m, z € [0,6] m. A cell is marked occupied when at least n,, returns land in it, then
suppressed if its 8-connected component has fewer than Neon, cells (current: Neopn = 8).

5. Mark free space via Bresenham ray tracing from the camera origin to every hit endpoint and to every
no-hit ray’s grid boundary; preserve cells behind an occupied endpoint as unknown.

6. Assign the final deterministic label per cell:

o

occupied, (i,j) € O\ B,
G — unknown, (i,7) € B,
Y free, (1,7) € F\ B,

unknown (default), otherwise,

where O is the retained occupied set, B is the occluded set behind O, F is the traced free set.

7. Optionally apply post-raster temporal smoothing P;(c) = AP;—1(c)+ (1 — X\)pt(c) with A = 0.65, then a
median filter, then morphological opening/closing with kernels derived from metric radii. The current
deployment runs raw (filter pipeline disabled); the filtered branch is available and tested.

8. Publish as a ROS OccupancyGrid with origin (2min, —%max) in the camera depth frame.

Information-flow alignment with Layer 1. The output occupancy labels (free, occupied, unknown)
map onto the three states Layer 1 reasons about: free — contributes positive clearance to Fgﬁs; occupied —
contributes FZ‘{JS = 0; unknown — Layer 1 falls back on memory or to the conservative-minimum default.
The explicit unknown label keeps the front-end consistent with Assumption 1: 0;I'¢y;r is computed only on
the persistently-known overlap, and the occupancy-grid’s unknown cells stay outside that overlap until two

consecutive observations agree.

D.4 Sim-to-real gap, status, and follow-ups

The RealSense occupancy-grid front-end has been validated in isolation (camera calibration, intrinsics in-
tegration, real-time grid generation). The remaining gap to full autonomous hardware navigation is the
omnidirectional base’s odometry calibration. The natural follow-ups, in priority order, are: (i) close the
base odometry calibration; (ii) repeat the Gazebo scenarios on hardware and quantify the sim-to-real gap in
tracking utilization, temporal deviation, and minimum clearance; (iii) re-measure per-layer compute on the
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Jetson Orin Nano Super target. None of these is the subject of the present paper, which is the algorithm
and its simulation evaluation; we list them so reviewers can see the deployment runway.

E Full Tables with Standard Deviations

Table 5 reproduces the body Q2 numbers with per-cell standard deviations and the full three-category
fallback breakdown. Table 6 reproduces the temporal-deviation and clearance columns with p95 statistics.
Both are paired across the same seeds 0-9 per scenario.

Table 5: Q2 (full): tracking utilization and per-category fallback rate (mean + o, 10 seeds).

Task reset (%)

Sensing failure (%)

Regular continuation failure (%)

Scenario Tracking util. (%)
Corridor crossing 56.6 + 10.9
Dynamic hallway 72.2 £ 15.3
Occluded boundary 98.7 £ 0.0
FOV limited 46.7 + 0.0
Long corridor (dyn.) 84.7 £ 15.1
Cluttered (5 occl.) 73.0 £ 7.5

0.4+0.2
0.8 £ 0.3
0.3 £ 0.0
0.3 + 0.0
0.4 +0.1
0.2 £ 0.0

0.0 + 0.0
0.0 £ 0.0
0.0 £ 0.0
0.0 + 0.0
0.0 £ 0.0
0.0 £ 0.0

43.0 £ 11.0
27.0 £ 15.6

1.0 £ 0.0

53.0 £ 0.0
14.9 £ 15.2
26.8 £ 7.5

Table 6: Q3 (full): temporal deviation (mean, p95) and minimum clearance (mean + o, 10 seeds).

Scenario Temporal dev. mean Temporal dev. p95  Min. clearance (m)
Corridor crossing 0.0455 + 0.00879 0.209 £ 0.0347 0.270 4+ 0.0600
Dynamic hallway 0.0546 + 0.0167 0.178 + 0.0294 0.279 £ 0.0669
Occluded boundary 0.0129 £ 0.00 0.0872 £+ 0.00 0.200 £ 0.00
FOV limited 0.0936 £ 0.00 0.282 £+ 0.00 0.0500 £ 0.00
Long corridor (dyn.) 0.0388 £ 0.0101 0.164 + 0.0234 0.271 + 0.0476
Cluttered (5 occl.) 0.0147 £+ 0.00446 0.0674 £+ 0.0185 0.250 £+ 0.00

Q4 with per-cell standard deviations.
deviations on every metric.

Table 7 reproduces the body Q4 numbers with per-cell standard

Table 7: Q4 (full): six-scenario paired comparison (10 seeds, mean + o).

Collision (%) Min. clearance (m) Jerk RMS
Scenario point-DS ours point-DS ours point-DS ours
Corridor crossing 0.0 £ 0.0 0.0 £ 0.0 0.450 + 0.00 0.270 £ 0.0600 0.0292 + 0.00 0.538 £+ 0.133
Dynamic hallway 50.0 £ 50.0 0.0 =+ 0.0 0.150 £+ 0.201 0.279 4+ 0.0669 4.43 £0.350 1.34 + 0.584
Occluded boundary 0.0 = 0.0 0.0 = 0.0 0.350 + 0.00 0.200 £ 0.00 5.31 & 0.00 0.889 + 0.00
FOV limited 100.0 £ 0.0 100.0 &= 0.0 0.0500 %+ 0.00 0.0500 £ 0.00 0.0511 + 0.00 0.948 + 0.00
Long corridor (dyn.) 10.0 £+ 30.0 0.0 = 0.0 0.295 + 0.114 0.271 £ 0.0476 4.79 + 0.0889 1.38 £ 0.665
Cluttered (5 occl.) 0.0 = 0.0 0.0 £ 0.0 0.295 + 0.0150 0.250 & 0.00  5.19 + 0.00687 2.49 + 0.542

Note. Corridor crossing, dynamic hallway, and occluded boundary reuse the E14 (with-SLAM-memory) rollouts; FOV limited

reuses E08; long corridor and cluttered are E15. Bold = winner per cell.

F Per-Layer Timing

Measured on Intel 19-14900KF, Python 3.13, single thread, 3000 steps.
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Table 8: Per-layer mean and p99 latencies (Q5). Manifold solver and tracker dominate; everything else
(including the multi-boundary CBF QP) finishes in under 0.3 ms. The full-extract-frame total is ~ 8.8 ms.

Layer Mean (ms) p99 (ms)
camera to current field 0.231 0.385
prediction 0.245 0.333
manifold solver 5.39 10.5
manifold tracker 4.45 7.25
ds controller 0.0595 0.0786
safety filter 0.235 0.259

G Supplementary Method Figures

[mi)

Figure 6: Arrival-conditioned predicted clearance field I'preq. Static obstacle (v = 0, left); the same
obstacle drifting at 0.3 m/s (middle); at 0.8 m/s (right). The dashed orange contour shows where the obstacle
will be when the robot arrives. As obstacle velocity grows, the predicted obstacle footprint shifts forward;
the high-clearance corridor (yellow) opens behind it. The controller plans through I'preq, not through I'cu,
so it does not retreat from a transient compression that resolves before arrival.
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INTRINSIC DEFORMATION RIDGE DYNAMICS

‘warped’ !
i+~ expected ---» Clearance Field Nawgatiun
wall position " Manifold

Haolonomic
mabile robot
with depth camera

Obstacles

Figure 7: Intrinsic deformation and ridge dynamics. Left: walls compress around the robot (red
arrows), pushing the warped free-space center inward; the relevant deformation is intrinsic to the corridor
geometry. Right: lifting I" to a height function makes the navigation manifold a ridge curve along the field,
obstacles become valleys, and the manifold flows along the peak.
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