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Abstract. Energy-aware path planning for industrial autonomous vehicles requires
more than a geometric shortest path: terrain, payload, drivetrain efficiency, turning,
and a hard task-level energy budget jointly affect feasibility. We present Neuro-
PathNet-EC, a physics-aware constrained planner with learned multimodal guid-
ance. The planner operates on heading-aware grid states and evaluates directed edge
energy from friction and elevation. Exact Pareto labels enforce the hard energy bud-
get, while a goal-conditioned ResNet-18 network fuses four raster channels with
vehicle semantics and predicts an eight-channel dense cost-to-go map. The learned
heuristic is used only for guidance; it is not assumed admissible or consistent. Exact
Energy-A* obtains its guarantee from an analytic admissible anchor, and a FOCAL
extension provides the bound C' < wC™. On a layout-disjoint synthetic industrial
dataset, five training seeds achieve a test relative heuristic MAE of 0.028940.0014
and Spearman correlation of 0.9963 £ 0.0004. Across 512 paired binding-budget
queries per seed (2,560 seed—query runs), full multimodal neural-constrained search
returns the exact constrained objective in every run while reducing expanded labels
by 10.73% relative to Energy-A*. The semantic branch also reduces labels relative
to an otherwise matched image-only model. FOCAL satisfies its declared bound in
all evaluated cases, although its current correctness-first OPEN management does
not improve runtime. The evaluation is based on synthetic layouts and does not
constitute public-benchmark or real-vehicle validation.

Keywords: Industrial Autonomous Vehicles, Energy-Constrained Path Planning,
Neural Heuristic, Resource-Constrained Search, Multimodal Fusion, Bounded-Suboptimal
Search.

1. Introduction

Industrial autonomous vehicles, including automated guided vehicles and unmanned trans-
port platforms, repeatedly navigate warehouses, workshops, and structured outdoor facil-
ities. Recent reviews show that graph search remains central to mobile-robot navigation
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even as sampling, optimization, and learning-based planners diversify [112/31415l6]]. Clas-
sical graph search provides transparent and reliable path construction when the state and
edge cost are well specified [7U8]]. In industrial operation, however, distance alone is in-
sufficient. Payload, rolling resistance, elevation change, drivetrain efficiency, and steering
can materially change the energy required by a route. Moreover, a route with a favor-
able weighted objective may still be unacceptable if it exceeds the energy assigned to the
current task.

Learning-based planners can extract guidance from raster maps, graphs, and operating
context [QUIOT1N12013]]. Yet a learned heuristic creates a theoretical difficulty: low regres-
sion error does not imply admissibility or consistency. Treating such a heuristic as if it
preserved A* optimality confounds empirical guidance quality with a search guarantee.
Hard energy budgets create a second difficulty. The problem is resource-constrained, so
keeping only one spatial label can discard a higher-objective but lower-energy prefix that
is necessary for a feasible optimum.

We therefore position Neuro-PathNet-EC as physics-aware energy-constrained search
with learned multimodal guidance. The physical model and hard budget define feasibil-
ity and path cost. Search retains nondominated objective—energy labels at each heading-
aware state. A dense goal-conditioned network predicts unconstrained cost-to-go for all
cells and incoming headings in one pass, but its output is not granted theoretical admissi-
bility. Guarantees instead come from an analytic anchor used by exact Energy-A* or by a
bounded FOCAL rule.

The contributions are as follows.

We formulate directed, heading-aware energy-constrained planning with elevation-
derived slope, nonnegative traction energy, turning energy, a dimensionless distance—
energy objective, and Pareto labels that enforce a hard task-level budget.

— We design a goal-conditioned multimodal network that maps a four-channel numeri-
cal raster and physically relevant vehicle semantics to a dense tensor H e R&*HXW,
Exact directed reverse shortest paths provide the supervised target.

— We separate empirical neural guidance from guarantees: Energy-A* is exact under
an analytic anchor, Safe-Neural is an exact tie-break variant, and FOCAL-Neural is a
w-bounded extension whose bound does not depend on learned admissibility.

— We provide a reproducible five-seed evaluation on layout-disjoint synthetic industrial

maps. The evaluation includes exact-solver cross-checks, ablation, paired statistics,

physical response, binding budgets, sensitivity, robustness stress tests, and censored
scalability measurements.

The remainder of the paper reviews related work, formulates the problem, presents the
method and theoretical properties, describes the experimental protocol, discusses results
and limitations, and concludes with evidence-supported future work.

2. Related Work

2.1. Classical and resource-constrained search

Dijkstra and A* are foundational shortest-path methods [7U8]. Weighted, anytime, and
multi-heuristic extensions trade search effort against bounded solution quality [[14)15/16].
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Their behavior depends on the state representation, edge objective, and heuristic. Recent
mobile-robot surveys and an RRT-focused review provide broader comparisons with sam-
pling, evolutionary, and reactive planners [1J3\4/17]].

A hard consumable-resource constraint changes the search problem fundamentally.
Modern exact algorithms use Pareto labeling and indexing [18!19]]. Other accelerations in-
clude bidirectional dynamic programming, backtracking, and decomposition [20/21122].
Related formulations address stochastic constraints, constrained tours, and time resources
[23124125]]. These results support retaining multiple nondominated labels: under an en-
ergy budget, a higher-objective but lower-energy prefix can be essential to the feasible
optimum. Our formulation specializes this principle to a heading-aware physical grid and
never treats the budget as a post hoc filter.

2.2. Learned planning guidance

Neural A* differentiates through grid search to learn spatial guidance maps [9], while
GraphMP and PHIL learn graph-structured search guidance [[LOJ11]]. Recent work further
studies local learned heuristics and losses that optimize search ranking rather than only
cost-to-go regression [[12/13]]. Multimodal perception-aware path planning also demon-
strates the value of combining heterogeneous information rather than relying on a single
raster modality [26]. Our encoder uses residual spatial features [27]], but differs from these
studies by predicting all eight incoming-heading cost-to-go maps and coupling them to
resource-constrained labels.

Such guidance may reduce exploration, but prediction accuracy alone does not es-
tablish A* admissibility. Learned policies and learned heuristics have therefore been
combined with FOCAL or bounded-suboptimal search [28/29]]. Contemporary bounded-
search studies analyze alternative queue rules, error handling, bidirectional bounds, and
tunable suboptimality [30J3132133l34]]. In this work, the learned map is evaluated empir-
ically through absolute error, rank correlation, admissible fraction, directed consistency,
and expansion reduction. Optimal or bounded-suboptimal claims derive only from the
anchor search rules.

2.3. Energy-aware industrial navigation

Recent AGV research models transport energy directly and constructs route-efficiency
benchmarks [35/36]]. Related formulations jointly consider productivity, conflict avoid-
ance, multiple loads, or heterogeneous fleets [37U38/39]. Energy-aware A*-type planning
has also been developed for Ackermann-steered vehicles, while industrial studies combine
global and local planning or optimize pickup-and-delivery routes [40/41/42/43]]. These
works establish that industrial route energy depends on vehicle state and route geometry,
but they do not provide the same dense heading-conditioned learned guidance over a hard
Pareto-label budget.

Terrain-aware planning further motivates our directed elevation representation. Recent
studies consider resource-aware agricultural autonomy, complex-terrain optimization, and
sandy-terrain traversability [44l45/46]. Others address mountainous planning and con-
trol, three-dimensional ground-vehicle energy, and large-scale rough terrain [47.48/49].
In parallel, multi-objective planners balance distance, safety, smoothness, or coverage
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using graph search and population-based optimization [SOI5115215354]. Our distinction
is the combination of (i) directed elevation-based energy, (ii) a hard task budget, (iii)
heading-aware Pareto labels, (iv) dense multimodal guidance, and (v) an anchor/FOCAL
framework that states precisely which component carries each guarantee. We do not claim
quantitative comparison with external learned, evolutionary, or sampling-based planners
that were not reproduced in the present evaluation.

3. Problem Formulation

3.1. Heading-aware state graph

Letan H x W grid contain binary occupancy O, friction (i, and elevation z. Motion uses
an eight-connected neighborhood. A search state is

s = (y,x,q), q€{0,...,7}, )

where ¢ is the incoming heading. A sample specifies a start state (ys, s, qs) and a goal
cell G = (yq,24); goal orientation is unconstrained. Diagonal corner cutting through
occupied cells is forbidden.

For a forward transition ¢ — 7, horizontal displacement is d, and

Azij = Zj — Zi, (ZSL] = atanQ(Azij, dxy) (2)

Consequently, the grade is directed: ¢;; = —@;;.

3.2. Physical edge energy

Let m,, and m,, denote vehicle and payload mass, m = m,, + m,,, 1 drivetrain efficiency,
v speed, a acceleration, and d edge distance. The force components are

Fron = pijmg cos ¢y, 3
Forade = mgsin ¢y, 4
Facc = Mefta, (5)
Foero = %PCdAUQ~ (6)
The physical work and nonnegative traction energy are
d
Ephys = %(Froll + Fgrade + Facc + Faero)7 (7)
Etraction = maX(O7 Ephys)- (8)

No regenerative braking is modeled; a downhill edge therefore receives no negative en-
ergy credit. Aerodynamic drag remains in the formulation but is disabled in the low-speed
experiments. If ¢; and g; are the incoming and outgoing headings, the wrapped angle sat-
isfies 0 < |AY| < 7 and

Eturn = kturn|Aw‘7 AEZ] = Etraction + Eturn~ (9)

Here ki, has units J/rad. Its experimental value is a nominal synthetic coefficient, not a
hardware-calibrated parameter.
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3.3. Objective and hard budget
Adding metres to joules is dimensionally invalid. We therefore define

dij Al;z ;
drcf * 5 Ercf ’

a, >0, a+p=1. (10)

Cij =

For path P, C'(P) = Z( cpCij and E(P) = 3 AE;;. The planning problem is

i.7)
P = argmgn C(P) st P:ss~ G, E(P) < Etask.max- (11)
The task budget is distinguished from total battery availability. If nominal battery energy

is given in Wh, physical availability may be written as 3600 Fyominal SOC SOH 7egerve
joules, while Ei,sk max allocates no more than this amount to the current route.

3.4. Pareto labels

A label is
6: (y? x’ q7g7 E? pa’rent)’ (12)

where ¢ is accumulated objective and E is accumulated energy. A successor with £/ >
Eask max 18 rejected. For labels at the same (y, «, ¢), ¢, dominates ¢ iff

Ja < gp, F, < Ep, and atleast one inequality is strict. (13)

Dominance is never applied across headings because future turning cost differs.

4. Neuro-PathNet-EC

4.1. Goal-conditioned multimodal input

The spatial input has four numerical channels: binary occupancy, friction, elevation, and a
Gaussian goal map. Occupancy and goal encoding remain in [0, 1]; friction and elevation
are standardized using training-split statistics only. The semantic vector is

Ssem = [mvvmp7nav]~ (14)

SOC and SOH do not enter this unconstrained cost-to-go network because they do not
directly change mechanical edge energy in the adopted model; they determine resource
availability. This separation avoids assigning unsupported physical influence to semantic
variables.

4.2. Dense eight-heading architecture

A ResNet-18-style encoder receives X € RBX4x128x128 s first convolution has four
input channels and weights are initialized randomly because the raster is not natural RGB
imagery. The bottleneck is F € RB*512x4x4 A semantic MLP 4 — 128 — 128 — 64
produces eger,. Spatial broadcasting and concatenation yield B x 576 x 4 x 4, followed
by a1l x 1 projection to 512 channels.
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Spatial tensor Exact / Safe
Bx4x128x128 ResNet-18 encoder analytic anchor
occupancy, friction, Bx512x4x4 c=c"*
elevation, goal Broadcast fusion Dense decoder
576 - 512 B x8x128 x 128
Bx512x4x4 hun(y, x, q)
i FOCAL
arned guidance
Semantic MLP / C=wc
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Hard E¢ask, max; Pareto labels (y, x, g, g, E)

Fig. 1. The proposed Neuro-PathNet-EC framework. The neural network predicts a dense
heading-conditioned cost-to-go map. Exact or bounded properties arise from the analytic
anchor and label-search rule, not from assuming that i is admissible.

No global average pooling is used. A bilinear upsampling decoder with convolutional
widths 512 — 256 — 128 — 64 — 32 — 8 restores the grid resolution. Softplus
produces nonnegative normalized predictions

Hnorm c RBX8><128><128. (15)

The planner uses H = Hycaie Hyorm and imposes the known boundary H [9,Yg,z4) =0
for every heading.

4.3. Exact dense supervision

The target

H*[q,y,z] = P:(yrgi(gwc C(P) (16)

is the exact unconstrained objective-to-go; hard resource feasibility remains the planner’s
responsibility. Directed reverse Dijkstra starts from all eight goal headings. When reverse
search is at current state v and enumerates predecessor u, it relaxes with the forward edge
cost ¢(u, v). Random forward exact solves verified this construction.

Only finite reachable free states contribute to the masked SmoothL1 loss:

1 A
ﬁ = M Z SmoothLl (Hnorm, H*/Hscalc> . (17)
(q,y,2)€EV

Hycale 1s the training-split 95th percentile of finite positive H*.

4.4. Search variants

The analytic anchor is

=« Hp(S) B G”Q + ﬂ”p(s) - G”Zemin'

hanc
(S) dref Eref

(18)
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In our no-regeneration terrain family, a universally safe e, may be zero; we prefer a
weak valid bound to an unsupported positive one.

All constrained variants retain identical feasibility and Pareto dominance. They differ
only in queue ordering:

— Energy-A¥*: priority g + hanc; €xact constrained baseline.

— Full Neural-Constrained: priority g + hy y; learned, potentially inadmissible guid-
ance with stale-label handling. Exactness is evaluated empirically, not claimed theo-
retically.

— Safe-Neural: primary key g + hanc, secondary key h v ; exact, but neural influence
occurs only at anchor ties.

— FOCAL-Neural: let f,,;, = mingcoprn (g + hanc). Choose from {€ : fanc(¢) <
wfmin} by (hNNv E, tie).

5. Theoretical Properties

5.1. What the learned heuristic does not guarantee

Strong MAE or correlation does not imply hyn(s) < H*(s) or hxyn(s) < ¢(s,s') +
hnn(s"). We measure both properties, but do not assume them. The boundary A(G) = 0
is known exactly and is enforced without using unknown path cost.

5.2.  Anchor validity under a resource constraint

Let P.on(s) be feasible continuations satisfying the remaining budget and Pyy.(s) all
obstacle-feasible continuations. Since Peon(s) € Punc($), the optimal unconstrained
continuation cost is no greater than the constrained continuation cost. Therefore any lower
bound on the unconstrained cost, including Eq. , is also a lower bound for the con-
strained problem. A zero turning lower bound is valid because turn energy is nonnegative.

5.3. FOCAL bounded-suboptimality

Proposition 1. Consider the finite heading-grid feasible label graph generated under a
hard energy budget. Assume nonnegative edge objective, safe Pareto dominance within
identical heading states, an admissible anchor, correct OPEN maintenance, and termina-
tion when a selected FOCAL label is a goal. Then FOCAL-Neural with w > 1 returns
cost Cret < wC™ whenever a feasible solution exists.

Proof. Before an optimal goal label is selected, OPEN contains a surviving prefix label
on an optimal feasible path. Admissibility implies its anchor key is at most C*, hence
fmin < C*. Every selected FOCAL label satisfies fanc < wfmin. At a selected goal,
hane = 0,80 Cret = 9 < wfmin < wC*. Safe Pareto dominance cannot remove every
optimal continuation because a dominating label has no greater objective and energy at
the same heading state. The finite grid and finite set of generated simple nondominated
path labels under positive movement cost ensure termination. (|

The learned score affects which eligible FOCAL label is chosen, but not the bound.
For w = 1, FOCAL retains the optimal anchor threshold, with learned ordering only
among equal-minimum anchor labels.
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Table 1. Frozen implementation and training settings.

Item Setting
Hardware NVIDIA L4, 22.03 GiB VRAM
Software Python 3.12.13; PyTorch 2.11.0+cul28

CUDA / cuDNN 12.8/9.1.9

Input/ output 4 x 128 x 128 /8 x 128 x 128

Full parameters 13,070,984

Optimizer AdamW, Ir 3 x 10™%, wd 102

Scheduler ReduceLROnPlateau, factor 0.5, patience 3
Batch / epochs 16 / maximum 50

Early stopping patience 8 on validation loss

Seeds 0,1,2,3,4

Split samples 2,048 /256 /512

Split layouts 128 /16 / 32, disjoint

a, B 0.3,0.7

Eret 543.4587 J, training edge median
Hgcale 128.8968, training H™ p95

Kturn 25 J/rad, nominal synthetic

6. Experimental Setup

6.1. Implementation details

All neural training and dense inference use the GPU. Search is an ordinary CPU imple-
mentation; no CUDA search kernel or GPU-parallel expansion is used. Checkpoints are
selected only by minimum validation normalized SmoothL1.

6.2. Synthetic industrial data

The generator produces structured warehouse-like rack layouts, factory-like aisles, and
industrial-park-like open/structured layouts. Each numerical sample stores occupancy,
spatially structured friction, continuous elevation, start, goal, start heading, vehicle state,
layout metadata, and exact dense H*. Layout identities are disjoint across train, valida-
tion, and test. Continuous normalization uses training statistics only.

The binding benchmark contains 512 three-route queries (Fig. [2). Route A is short
and energy intensive, Route B is balanced, and Route C is longer and lower energy. Every
accepted query verifies dy < dp < dc, B4 > Ep > E¢, and Eo,j > Epin. For
tightness p,

Emax(p) = Emin + p(Eobj - Emin)a (19)

with p € {0.05,0.25,0.50,0.75,0.95}.

6.3. Baselines, variants, and metrics

We evaluate Dijkstra-style exact label setting, Classical A* for geometric context, Energy-
A*, Image-only and Full Neural-Constrained search, Safe-Neural, FOCAL with w = 1.05
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Fig. 2. Binding-budget benchmark. Left: a representative three-route layout. Right: all
512 generated queries satisfy the intended distance—energy ordering. These are synthetic
stress-test maps, not real-site telemetry.

Table 2. Main comparison on 512 paired binding queries. Values are mean =+ standard
deviation of five seed-level means. Objective and energy are deterministic for exact meth-
ods.

Method Objective Energy (J) Labels ~ Runtime (ms) Property
Dijkstra 48.4649 18171.3 41250 6.76 £ 0.95 Exact
Classical A* 59.0000 21815.5 60.00 0.52 £ 0.07 Infeasible
Energy-A* 48.4649 18171.3 406.53  6.94 £ 0.91 Exact anchor
Image-only Neural 48.4649 18171.3  383.69 £ 22.16 6.36 £ 0.94 Empirical

Full Multimodal 48.4649 18171.3 362.92 +21.09 6.14 4+ 0.99 Empirical
Safe-Neural 48.4649 18171.3 406.53 7.06 £ 1.05 Exact tie-break
FOCAL w = 1.05 48.5597 £ 0.0650 18061.5 4+ 71.2 406.74 +4.29 22.07+3.00 C < 1.05C*
FOCAL w = 1.10 48.5149 £+ 0.0504 18127.2 4+ 37.5 403.90 £ 6.02 23.00 + 3.27 C < 1.10C*
Oracle-H™ 48.4649 18171.3 25428 4.45 4+ 0.61 Diagnostic

and 1.10, and diagnostic Oracle-H* and spatially shuffled-H controls. Classical A* does
not enforce the energy budget and is not treated as a feasible constrained competitor.

Heuristic metrics are MAE, RMSE, relative MAE, Pearson, Spearman, R2?, empirical
admissible fraction, and directed consistency violation. Planner metrics are objective, en-
ergy, path length, expanded labels, runtime, success, and gap to exact constrained search.
Statistical comparisons use the paired query as the unit: each method is first averaged
across five seeds per query, followed by two-sided Wilcoxon signed-rank, paired Cohen’s
d, 10,000-sample query bootstrap confidence intervals, and Holm correction.

7. Results and Discussion

7.1. Main comparison

Full Multimodal Neural-Constrained search returns the exact constrained objective and
energy in all 2,560 seed—query runs. Relative to Energy-A*, it reduces labels by 10.73%
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Table 3. Ablation of guidance mechanisms.

Variant Semantic Neural FOCAL Labels
Energy-A* - - - 406.53
Image-only - v - 383.69£22.16
Full v v - 362.92 £+ 21.09
Safe-Neural v tie - 406.53
FOCAL 1.05 v v v 406.74 + 4.29
FOCAL 1.10 v v v 403.90 + 6.02
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Fig. 3. Guidance diagnostic. Spatially meaningful multimodal predictions reduce expan-
sions relative to zero and shuffled controls; Oracle-H * is a diagnostic upper reference.

and mean runtime by 0.80 ms. This exact agreement is an experimental finding, not a
consequence of learned admissibility. Classical A* finds the shortest geometric corridor
but violates the binding budget in all 512 queries.

7.2. Ablation and guidance contribution

The semantic branch reduces labels by a further 5.41% relative to Image-only. Safe-
Neural matches Energy-A* because learned guidance acts only at exact anchor ties. Ora-
cle guidance shows that additional expansion reduction remains possible, while shuffling
destroys most of the learned benefit (Fig. [3). The empirical guidance recovery ratio is
0.313 relative to Zero/Dijkstra and Oracle endpoints.

7.3. Heuristic quality

The dense map has low relative error and strong spatial ordering (Fig. [5). Nevertheless,
only about 47% of predictions are empirically admissible and about 14.7% of directed
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Fig. 4. Five-seed ablation. Full multimodal guidance reduces labels and modestly reduces
runtime, whereas correctness-first FOCAL incurs substantial OPEN-management over-
head.

Table 4. Full-model heuristic properties over five seeds.

Metric Mean £+ SD
MAE 1.9370 + 0.0917
RMSE 3.1145 £+ 0.1716
Relative MAE 0.02888 + 0.00137
Pearson 0.99592 + 0.00044
Spearman 0.99628 £ 0.00042
R? 0.99182 + 0.00090
Admissible fraction 0.47034 + 0.02663

Consistency violation rate 0.14681 =+ 0.00829

edge tests violate consistency. These measurements directly motivate the analytic-anchor
separation.

7.4. Physical semantic response

At fixed map, start, goal, and heading, increasing payload from 0 to 800 kg raises ex-
act start cost-to-go from 82.85 to 115.49. Full prediction follows from 82.48 to 114.13,
while Image-only remains 94.33 because it cannot observe payload. Similarly, increas-
ing 1 from 0.75 to 0.90 lowers exact cost from 106.25 to 94.19 and Full prediction from
105.86 to 93.03; Image-only again remains unchanged. This controlled response provides
mechanism-level evidence for the semantic branch.

7.5. Statistical analysis
The label reduction is statistically and practically meaningful. Conversely, no objective or

energy difference exists between Full and Energy-A*, and no path-quality improvement
is claimed. FOCAL is significantly slower in this implementation.
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in Table [
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Fig. 6. Controlled payload and drivetrain-efficiency response. Multimodal predictions fol-
low the exact physical target, whereas the matched image-only model cannot respond to
hidden vehicle semantics.

7.6. Binding budgets and FOCAL bounds

For each p, Energy-A* and exact label setting agree in every one of 200 checked queries.
Binding changes the path in 100% of cases. Mean energy reduction relative to the uncon-
strained objective optimum decreases from 4010.7 J at p = 0.05 to 1694.5 J at p = 0.95.
Across 5,000 FOCAL cases (200 queries, five budgets, five w values), the bound viola-
tion count is zero. Maximum gaps for w = 1.02,1.05,1.10, 1.20 are 0.00246, 0.04855,
0.04453, and 0.06367. Runtime, however, increases with w because the current imple-
mentation reconstructs the eligible FOCAL subset by scanning OPEN.

7.7. Parameter sensitivity

At nominal a = 0.3, mean normalized distance and energy contributions are 24.804 and
23.778, respectively; 5 = 0.7 therefore does not make energy dominate by orders of mag-
nitude. Under the fixed tight budget, decreasing efficiency by 20% or increasing friction
by 20% makes all 100 cases infeasible. Increasing payload by 20% changes 26% of paths
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Table 5. Selected paired statistical comparisons over 512 query units after averaging train-
ing seeds. CI is a query-bootstrap 95% interval; pro1m 1s Holm-adjusted.

Method A  Method B Metric Mean diff. 95% CI PHolm Paired d

Full Energy-A* Objective 0 [0,0] 1.0 0

Full Energy-A* Labels -43.618 [—48.184, —39.178] 2.15 x 1078 -0.833

Full Energy-A* Runtime (ms)  -0.799  [—0.975, —0.619] 4.25 x 10™*°  -0.390

Full Image-only Labels -20.773 [—22.491, —19.104] 2.15 x 1073 -1.068
]

FOCAL 1.05 Energy-A* Runtime (ms) 15.129 [14.952,15.316] 2.15 x 1073 7.250

Table 6. Objective-weight sensitivity on 100 paired queries.

a [ Objective Energy (J) Length (m)

0.1 0.9 384839 17984.8 87.00
0.3 0.7 48.5823 18460.8 82.68
0.50.5 58.3245 18460.8 82.68
0.7 0.3 68.0667 18460.8 82.68
0.90.1 77.8089 18460.8 82.68

and makes 26% of nominal paths exceed the budget; replanning returns no violating suc-
cessful path. The nominal turn coefficient has a smaller effect, changing 1-5% of paths
under +20% perturbation.

7.8. Robustness stress tests

These deliberately severe tests expose failure modes rather than establish industrial ro-
bustness. A 10% budget overestimate preserves planner success but violates the nominal
true budget in 74% of cases, illustrating why uncertainty-aware budgeting is important.
Occupancy and localization perturbations are synthetic and are not calibrated sensor-error
distributions.

7.9. Scalability

Energy-A* mean runtime is 2.43 s at 128 and 9.97 s at 256. At 512 it completes two of
four settings. Higher obstacle density can reduce runtime by shrinking the reachable label
set. FOCAL'’s correctness-first linear OPEN scan is the dominant limitation; these results
do not support a large-scale acceleration claim.

8. Limitations

The present evidence has clear boundaries. First, all maps are generated synthetic indus-
trial layouts; there is no Gazebo experiment, public benchmark, industrial telemetry, or
real-vehicle deployment. Layout-disjoint testing measures generalization within this gen-
erator only. Second, the learned heuristic is neither theoretically admissible nor consistent.
Its empirical exact-objective behavior does not replace the analytic-anchor proof. Third,
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Fig. 7. Energy—distance response to the frozen « grid (8 = 1 — «). The discrete Route-C
choices produce plateaus rather than a smooth continuum.

Table 7. Synthetic robustness stress tests (50 seed-0 queries).

Condition Levels Success rates

Occupancy flips (%)  0/1/3/5/10 1/.48/.12/.02/0
Localization shift (m) 0/.05/.10/.20  1/1/1/.52
Budget error (%) -10/0/+10 A48/1/1
SOH (%) 100/90/80/70  1/.48/0/0

kurn 1S nominal and has not been calibrated against hardware. Fourth, FOCAL uses a
correctness-first OPEN scan and is not runtime optimized. Fifth, robustness perturbations
are synthetic stress tests rather than calibrated sensing or battery uncertainty. Sixth, scal-
ability uses one generated map per size—density cell and includes censored runs. Seventh,
external RRT#*, CNN-A*, or GNN-based planners were not reproduced; no external state-
of-the-art claim is made. Finally, GPU use is limited to neural training and inference, not
parallel search.

9. Conclusion

We presented Neuro-PathNet-EC as physics-aware energy-constrained search with multi-
modal neural guidance. Directed elevation, friction, payload, efficiency, and turning define
a dimensionless objective and hard resource constraint over heading-aware Pareto labels.
A goal-conditioned dense network predicts eight heading-specific cost-to-go maps, while
exact or bounded properties are supplied separately by analytic-anchor Energy-A*, Safe-
Neural, and FOCAL.

Five-seed experiments show strong dense regression quality and exact constrained
objective agreement for Full Neural-Constrained search across 2,560 runs. Full guidance



Hybrid Path Planning for Industrial AVs 1233

Table 8. Completion within a 30 s per-method threshold. Four density settings are evalu-
ated at each size.

Grid Energy-A* FOCAL 1.05 Peak RSS (GiB)

128 4/4 1/4 1.04

256 4/4 0/4 1.19

512 2/4 0/4 1.39
@ 30 o 1.0 4
o 12}
'g 25 1 % 0.8 1
=] 1 = J
8 = 0.6
o 15 1 g
g % 0.4
E 10 B
£ £ 0.2
g 5 4 -@- Energy-A* O
%9 Focal-Neural-w1.05 0.0 -
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Fig. 8. Censored scalability results. Runtime values include the 30 s censor time. The
current FOCAL data structure prioritizes correctness and does not scale competitively.

reduces expanded labels by 10.73% relative to Energy-A* and improves on a matched
image-only network; controlled payload and efficiency experiments confirm that the se-
mantic branch responds to physical variables. At the same time, learned admissibility
and consistency do not hold, and FOCAL’s present data structure is slower and poorly
scalable. These negative results are part of the method’s current scope.

Future work should validate on public benchmarks and real vehicles, calibrate turn-
ing and drivetrain parameters from measurements, replace linear FOCAL scans with ef-
ficient OPEN/FOCAL structures, and model uncertainty explicitly. Remaining-budget-
aware guidance is also a natural extension because two Pareto labels at the same heading
state may have different useful continuations.
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