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LEAN: Local Energy-Aware Navigation for Skid-Steer Robots

via Deep Reinforcement Learning

Octavio Aguila-Rigordi', Miguel Torres—Torriti’#, Rodrigo Toro!, Fernando Auat Cheein®4, and Mauricio
Araya>*

Abstract—Energy-efficient local navigation of skid-steer mobile
robots (SSMRs) in dense environments is constrained by a
structural trade-off: the low-curvature, low-power maneuvers
that minimize locomotion energy conflict with the high-curvature,
high-yaw-rate corrections required to weave through dense obsta-
cle fields without colliding. Model-based planners do not resolve
this tension, but expose it as a cost knob, since weighting energy
more heavily cuts consumption only by degrading performance
as the scenes grow harder. We present the LEAN approach,
a local planner based on deep reinforcement learning that
learns locomotion-efficient navigation among obstacles from a
calibrated energy signal while being model-free at inference,
mapping observations directly to commands without solving
any closed-form dynamic or power model online. The energy
signal enters the policy only as raw motor currents, and in
place of typical goal-progress dense reward shaping, the policy
is guided by hindsight relabeling that keeps the reward path-
shape-agnostic. Benchmarked using a 140-kg tracked SSMR
against NMPC and EA-DWA variants that share the simulator’s
identified dynamics and power model, raising the energy weight
of either baseline lowers consumption only by sacrificing success,
leaving the most aggressive energy-aware baselines up to 14.2%
success points below the proposed approach at the hard tier.
LEAN instead reduces energy by 33.2+25.4% to 39.1+30.5%
across training seeds in simulation and 11.94+-4.1% in real-world
experiments over the Vanilla-DRL (energy-blind) ablation at
unchanged success rate, and selects actions faster than the model-
based controllers, with the simulation ranking preserved when
transferred to cluttered outdoor environments. Compared to the
energy-aware model-based NMPC-0.05, LEAN reduces energy
by 6.31+4.9% in easy low-clutter environments up to 22.3+1.1%
in harder high-clutter environments across training seeds in
simulation and by 21.84+21.6% in real-world experiments.

Index Terms—Energy-aware planning, local navigation, mobile
robots, motion planning.

I. INTRODUCTION

HE electrification of high-payload off-road platforms in
construction [1], agriculture [2], and mining [3] makes
energy efficiency a critical design constraint on autonomy,

Manuscript received: June, 23, 2026; Revised September, 15, 2026; Ac-
cepted September, 29, 2026.

This paper was recommended for publication by Editor Aniket Bera upon
evaluation of the Associate Editor and Reviewers’ comments. This work was
supported by the National Agency of Research and Development (ANID) of
Chile under grants Fondecyt 1220140, ANID CIA250006.

1School of Engineering, Pontificia Universidad Catélica de Chile, Chile
oeaguila@uc.cl, mtorreto@uc.cl, rntoro@uc.cl

2Dept. of Engineering, Harper Adams University, United Kingdom
fauat@harper-adams.ac.uk

3Dept. of Electronics, Universidad Tecnica Federico Santa Maria, Chile
mauricio.araya@usm.c

4 Advanced Center for Electronics and Electrical Engineering, Chile

Digital Object Identifier (DOI): see top of this page.

battery sizing, and operating cost [4]. Skid-steer mobile robots
(SSMRs) are valued for their simplicity and traction, but
their track slippage and skidding make energy-efficient motion
control especially demanding [5].

Classical model-based planners embed an explicit robot
model in the planner cost. Effati et al. [6] derive a closed-
form energy-optimal SSMR solution, but only for obstacle-
free flat ground with no online obstacle reaction. NMPC lifts
this by re-solving a finite-horizon problem online: Santos et
al. [7] penalize unknown obstacles but include no energy term,
and Prado et al. [8] track a pre-planned reference on a skid-
steer loader with no online avoidance; energy-aware car-like
variants [9], [10] inherit pure-rolling assumptions that do not
transfer to SSMREs.

The reactive Dynamic Window Approach (DWA) [11]
scores one-step velocities by heading, clearance, and speed
but ignores energy; energy-aware DWA (EA-DWA) adds a
model-predicted energy term, reporting up to 9.79% savings on
a Mecanum platform [12], [13], and learned variants regress
energy from payload for a 13% warehouse reduction [14].
Yet all model-based approaches evaluate a predictive model
online and drift over the horizon, and SSMRs are especially
affected, since skidding violates the pure-rolling and no-side-
slip constraints of standard wheeled-vehicle models [15].

Deep reinforcement learning (DRL) differs structurally:
identification is amortized offline and the deployed policy
is model-free at inference. DRL is now a common mapless
local planner, mapping range data and a goal vector to ve-
locity commands [16]-[18], yet its reward pervasively pairs
sparse terminal bonuses with dense goal-progress shaping [16],
[18] and hand-tuned behavior terms [19], [20]; as shown
in [21], this greedy goal-pursuit induces steering oscillations
and torque chatter that raise energy on heavy SSMRs. Energy-
aware DRL for SSMRs stays rare: Salvi and Krovi [22]
penalize action magnitude as a smoothing surrogate rather than
true power, and [23] targets control effort, not motor energy.
A gap thus remains for energy-aware DRL local planners that
learn efficient behavior in clutter without an online power
model, fixed minimum-turn-radius, or dense goal-progress
shaping.

We propose LEAN, an energy-aware, model-free-at-
inference local planner for SSMRs, compared against an
“energy-blind” ablation (Vanilla-DRL), three NMPC variants,
and the EA-DWA family, in simulation and on a real SSMR.
The main contributions of this work are summarized in: (i)
energy reduction without sacrificing success rate or mission
time compared to NMPC or EA-DWA, (i) an energy-aware
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local planner that requires no dynamic or power model at
inference, (iii) the use of an unbiased, path-shape-free reward
for energy-aware learning. Hindsight relabeling [24] densifies
a sparse goal signal in place of the dense goal-progress
shaping pervasive in DRL navigation approaches, freeing the
policy to discover energy-efficient trajectories that deviate
from the straight-line goal direction instead of penalizing
them. This sparse-reward/HER backbone is adopted from our
prior work [21]; the new element is showing it is precisely
what lets a calibrated energy signal reshape trajectories, which
dense goal-progress shaping would forbid. Our preliminary
work [21] studied reward sparsity and HER as regularizers
for control smoothness, in simulation only and with no energy
objective. Everything concerning energy is new: the calibrated
electrical-power reward term and two raw motor-current ob-
servation channels (Section III); calibrated NMPC and EA-
DWA baselines that optimize an identical energy criterion,
each swept over the energy weight; a hierarchical benchmark
on a shared RRT* global path; and sim-to-real validation of
every controller on a 140kg tracked platform (Sections V-VI).

II. PROBLEM FORMULATION

Consider a mobile robot operating in a bounded planar
workspace W C R? populated by static obstacles O C W,
with free space F = W\ O. Control is exerted through a body-
frame velocity command (action) a = (ve,w.) € A C R2,
computed from a partial observation

Oy = (L:ta Vg, Wi, iR,n iL,t; gt), (1)

where £, € RV2*3 encodes a 2D LiDAR scan of N;, beams
as triples (sin oy, cos ag, di), with « the azimuth angle and
dy, the range of the k-th beam, i, %7, ; are the right and left
motor currents, and g; = (||Ag]||,sinv, cosv) is the body-
frame goal vector encoding the distance ||Ag|| and bearing 1)
to the goal.

Local navigation. Given an initial pose sg € F and a goal
g € F, find a policy 7 : o, — a; that drives the robot to
within ||pgy — 8y|| < €4 of the goal, without collision, within
a horizon of T control steps. Each step consumes energy

AE; = (Pmech(st7 Tt) + Pohm(Tt)) At, 2)

where 7, = (7R, 7r) are the right and left motor torques,
Phech denotes mechanical output, and P, denotes ohmic
losses in the motor windings. The objective is to find 7
minimizing ]E[EQO AEJ subject to the goal-reaching and
collision-avoidance constraints, where Ty < T' is the terminal
step.

Hierarchical navigation. Given additionally a map of W,
a global planner produces a collision-free reference path
v : [0,L] — F from sg. At each control step, an arc-
length lookahead operator selects an intermediate subgoal
g = ~(s; + £), where s; is the robot’s current projection
onto v and ¢ > 0 is a fixed lookahead distance. The local
policy 7 then acts on g{'* in place of g; the objective and
constraints are inherited from the local case.

Evaluation metrics. An episode is a success when it ends
without collision, without timeout, and satisfies |pgy —8ay || <

LiDAR scan PointNet
[ (s?nal,cosal,l/(dlfﬂ)) ]—;u Shared MLP
{ (Sm%cosaf’l/ @=9) ] (3,32,64,128) + LeakyReLU
[(sinay,, cosazlv“ 1/(dy,—P)) ]T € R4igx b
Body state Max-pool
(v, w, ig, ig) €R* IR]Zb
Goal
(I1Agl) sin, cosy) € R° Fusion MLP

(135,128,128, 128, 256)
+ LeakyRelLU
zc R*S (shared latent) I

 SAC e —

Critic Q,,
(256,512,512, 1)

Critic Q,,
(256,512,512, 1)

(256,512,512, 2)
+ LeakyRelLU
Gaussian (y, logo)

Fig. 1. DRL architecture of the LEAN approach. All inputs are normalized
to [—1,1].

€4; collisions correspond to non-floor contacts and timeouts to
episodes that exhaust the horizon 7' without meeting either
prior condition. Path efficiency follows the success weighted
by path length (SPL) metric [25]

do

SPL = 1y ——0
" max(do, Lex)

3)
where dy = ||gxy —S0,2y|| and Ley is the executed path length.
Energy use is summarized by the mean episode energy (J) and
the energy per meter (J/m),

Z AE,
t

Navigation metrics Fye, E/m, and episode duration are com-
puted exclusively over successful episodes, so that efficiency
reflects execution quality rather than failure rate.

E,
E/m = =2¢, 4
/m 7 4)

ex

Epe =E

)

III. LEAN APPROACH BASED ON DRL

Architecture. A soft actor-critic (SAC) agent [26] is adopted
for its off-policy sample efficiency in continuous control;
the full pipeline is illustrated in Fig. 1. The LiDAR set is
encoded with a PointNet-style module [27], following the
support-point LiDAR encoding in [17]: a shared per-beam
MLP and a symmetric max-pool aggregate the N; beams
into a permutation-invariant scene embedding. Following the
architecture in [18], each beam is represented as the triple
(sin ok, cos a, 1/(dy, — B)), where the inverse-distance repa-
rameterization sharpens sensitivity to nearby obstacles while
compressing far-field returns, and the resulting embedding
is fused with (vg,w;), the currents (ig¢,%5,¢), and a body-
frame goal vector (||Ag]|,sin, cos)) by an MLP into a 256-
dimensional latent shared by the actor and twin critics.
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(a) Denée shaping (b) HER (k =4, future)

Fig. 2. (a) Dense shaping produces a goal-directed gradient (red arrows) that
locks trajectories onto a single path. (b) Three failed episodes (dashed); each
ring marks a sampled transition ¢; the four colored arrows show the k =4
future states relabeled as virtual goals (stars), supplying dense reward signal
without constraining path geometry.

Reward. A sparse terminal signal is combined with a dense
per-step penalty:

Ts, if success,
L =4 Te, if collision, (&)
—ws — we AEy, otherwise.
with r, = 50, r. = —200, and ws; = 1. The proposed

LEAN approach sets w. = 0.004. This value was selected on
the validation split as the largest energy weight that lowered
energy per meter while keeping the success rate within the
95% confidence interval of the energy-blind ablation (w, = 0);
its sensitivity, and the frontier obtained by sweeping w. as
done for the baselines, are analyzed in Section V.

Hindsight experience replay. Sparse terminal rewards suffer
from severe exploration gaps, and the classical remedy of
a dense goal-progress reward introduces a per-state gradient
pointing toward the goal that biases training trajectories to-
ward a preferred shape (Fig. 2a). This path-shaping bias is
particularly detrimental to energy-aware learning, as energy-
efficient maneuvers frequently deviate from the straight-line
goal direction and would therefore be penalized by dense shap-
ing. We instead densify the sparse signal through HER [24]
with the future strategy and k = 4 relabelled goals per transi-
tion, treating each visited state as a virtual success (Fig. 2,
right); HER supplies learning signal without prescribing a
path, leaving multiple feasible trajectories admissible. This
choice follows our prior study [21], which did not include
an energy objective in the reward nor observation space. The
results in [21] (Table 2) show that densifying the sparse goal
reward through hindsight relabeling matches or exceeds dense
distance-progress shaping in success rate and SPL across all
difficulties while cutting the RMS angular acceleration (i)
by an order of magnitude, i.e. sparse training learns smoother
and better policies, with the advantage becoming more evident
as the environment becomes harder.

Training. The actor and twin critics are implemented as
[512,512] MLPs with LeakyReLU activations operating on
the shared 256-d embedding of Fig. 1, with the entropy
temperature tuned automatically against a target entropy of
— dim(.A). Remaining hyperparameters are listed in Table L
Training fits comfortably on commodity hardware: each policy
completes in 19.5hours on a single NVIDIA RTX 3050
(6 GB), with system RAM as the dominant resource cost at
approximately 20 GB.

TABLE I
DRL TRAINING HYPERPARAMETERS.
Parameter Value
Optimizer / learning rate ~ Adam, 3 x 10~ %
Batch size 512
Discount ~y 0.99
Polyak coefficient 7 0.005

auto, target — dim(.A)

109 transitions

(4, future)

1 gradient step per vec. env. step
every 2 gradient steps

5 x 108

Entropy coefficient
Replay buffer size
HER (k, strategy)
Update ratio

Target update interval
Total environment steps

Fig. 3. Real-world experiment with the 140 kg tracked skid-steer robot in the
open grass circuit used for the hierarchical navigation benchmark.

IV. EXPERIMENTAL PROTOCOL

Because long-range goals in cluttered environments exceed
the horizon of any purely reactive local controller, navigation
systems conventionally pair one with a global planner. We
therefore evaluate every controller within this hierarchical
framework as formalized in Section II, in both simulation and
the real world. In each benchmark a global planner produces
a single path per start-goal pair, and all controllers execute on
that exact frozen path from the same initial pose, so the only
variable across controllers is how each one tracks the shared
reference.

The platform is a tracked AgileX Bunker SSMR (Fig. 3),
with dimensions of 1.023 x 0.778 x 0.400m, a mass of
approximately 140kg, and powered by a 48V, 30 Ah lithium
battery. Perception is provided by a VLP16 LiDAR mounted
on the chassis, configured as a 2D 449-beam circular ar-
ray spanning 360° with a 20m range cutoff. The onboard
controller reports the two motor currents and the battery
voltage, from which we obtain the instantaneous electrical
power P, = V; (|ir,| + |ir,+|) used as the per-step hardware
energy signal AE; = P, At in Eq. 2. This power is the energy
metric for every controller and the reference calibrating the
baseline’s power model, whereas the LEAN approach observes
the motor currents ¢p ¢, %z, directly.

Simulator. Training and evaluation run in MuJoCo [28],
whose rigid-body contact solver accurately captures the slip
and resistance forces that govern tracked non-holonomic plat-
forms. The SSMR model is pre-calibrated from real grass-
terrain trials (steady linear and in-place spin runs) by joint
constrained least squares over the motor torque constants,
viscous damping, and Coulomb friction and scrubbing torque;
it reproduces held-out navigation trajectories with RMSE
0.09m/s in v and 0.35rad/s in w. The power model is cal-
ibrated against the real robot’s battery-power measurements.
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Training and evaluation environments. Worlds are proce-
durally generated within a 14 x 14m? arena populated with
randomly placed cylinders and oriented boxes at three diffi-
culty levels: easy, medium, and hard (Fig. 4). Each level is
characterized by five BARN-inspired geometric metrics [29]:
distance to closest obstacle, average visibility, dispersion,
characteristic dimension, and path tortuosity. Three worlds per
difficulty are generated for each of the train, validation, and
test splits, yielding 27 worlds in total. Generation is steered
by density profiles targeting each class, and every candidate
world is accepted only if its metrics fall within pre-defined
thresholds. All 9 training worlds (3 of each difficulty level)
run simultaneously as independent parallel environments, so
the replay buffer is filled concurrently with observations span-
ning all difficulty levels and obstacle layouts, discouraging
overfitting to any single map. At the start of each episode,
both the initial pose sy and the goal g are sampled uniformly
at random from F, with ||Sg 5y — 8yl € [1.0,4.0] m.

Global planner and path tracking. For hierarchical exper-
iments the global planner is RRT* [30], whose asymptotic-
optimality property drives the sampled tree toward near-
shortest collision-free routes as the sample budget grows, with
a 0.1 m obstacle inflation radius and an arc-length lookahead
distance ¢ = 2m for path tracking.

Baselines. We compare against two model-based families,
a predictive NMPC and the reactive energy-aware DWA (EA-
DWA), both physics-grounded in the same motor and terrain
calibration as the simulator and both optimizing the identical
energy term of (2), so their energy objectives are directly com-
parable to the RL reward. With state x = [z, y,6,v,w]" and
torque input (7R, 7r), the NMPC continuous-time dynamics
are

vcosf
vsin 6
w
TR + 7L B i’U ) (6)
mr m
(thR—1.)W b T,

577 —jw—jtanh(w/e)

where (m,J,r,W) are the mass, rotational inertia, wheel
radius, and track separation width, and (c,b,7.) are vis-
cous translational, viscous rotational, and Coulomb fric-
tion/scrubbing torque coefficients. Discretizing the dynamics
with forward Euler yields xxy; = F(xg,ug), which is
employed to solve the NMPC

N—-1
min S [gllps — gl + we AB(xp, )]
{xXk,Uk,5k} k=0

+anllpy — gl + M1 Ts + Xo|s|?, (D)

subject to the discretized dynamics x;4+1 = F(xy,uy), soft
collision constraints |px+1 — 0;]|* + s, > d2;. against the
M nearest LiDAR returns {o; };‘il with slack s, > 0, and
box limits |’Uk| < Vmax, |wk| < Wmax, and |TR’]€|,|TL’]€| <
Tmax. Here py is the planar position extracted from xj; and
AE(xg,uz) = (Pmech + Ponm) At reuses the identified power
model of (2), so DRL and NMPC optimize an identical

physical energy criterion. The three variants NMPC-w, for

we € {0.0, 0.05, 0.1} span the robustness-energy frontier.
The problem is solved in receding horizon at each control
step, warm-started by shifting the previous solution forward.
Although the decision variables are torques (7g,7r), the
robot’s low-level interface accepts body-velocity references, so
we command the one-step-ahead predicted (vi,w?) extracted
from the optimal state x}. This substitution neither advantages
nor disadvantages the NMPC: LEAN and every baseline emit
the same body-velocity command (v.,w.) to the identical
low-level tracker, so the reported energy gap in the field
experiments section reflects the commanded trajectory, not the
actuation interface, and over a single At = 0.1s step the
tracked velocity closely follows the torque-optimal prediction.
The NMPC is solved with IPOPT [31] in CasADi [32] over a
horizon of N = 20 steps at At = 0.1s, with M = 20 obstacle
points and dgf = 0.75m. Its per-step solve time is reported
with the other controllers in the simulation results (Sec. V).

The reactive EA-DWA baseline scores admissible one-step
velocities with the standard DWA objective augmented by an
energy penalty

max

e, cr(ozheadJrﬁclearJrfyvelfweAE(v,w)), (8)
v,w) e Vy

where head, clear, and vel are the heading, clearance, and
forward-velocity terms, o normalizes their weighted sum, and
AFE(v,w) again reuses the power model of (2). The search set
V. = VoNV;NV, intersects the velocity limits Vy, the dynamic
window V;; of velocities reachable from the current state under
the acceleration bounds, and the admissible set V, that permits
a safe stop before the nearest obstacle, and is evaluated one
step ahead by discretizing the velocity space. Its variants
EA-DWA-w, for w. € {0.0, 0.0003, 0.0005} span the same
robustness-energy frontier. The two ranges differ by two orders
of magnitude because the energy term is scaled differently in
each objective: in the NMPC cost AFE (Joules) is summed over
the N-step horizon against a quadratic position error, whereas
in the EA-DWA score a single one-step AFE competes against
normalized, order-unity heading, clearance, and velocity terms.
The weights are therefore not directly comparable; each family
was swept from energy-blind (w. = 0) to the largest weight
before success degraded sharply on the validation split, so both
frontiers cover the same energy-blind-to-energy-biased regime.

In simulation, both start and goal poses were randomly
sampled from collision-free configurations and accepted only
when their straight-line distance fell between 8.0 and 20.0 m.
All these pairs were fixed in advance, with RRT* run once
per pair to plan the global path. Each of the three difficulty
levels comprises 3 worlds of 100 episodes each, yielding 300
episodes per difficulty that are shared across all controllers.
Each world is split into 5 batches, producing 15 batch means.
Confidence intervals are reported at the 95% level. Unless
stated otherwise, these intervals are within-policy and across
three different SAC training seeds: they capture episode-level
variability across the 15 batch means of 3 trained policies per
configuration, and including training-seed variability, which is
usually the dominant source of spread in SAC.

In the real world, we evaluate the four highest-success
controllers from simulation on a rectangular outdoor grass
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Fig. 4. Executed trajectories on the same global plans at easy (left), medium (center), and hard (right) difficulty, colored by energy per meter (J/m). The color
scale is clipped at 2000J/m to preserve contrast between controllers; segments exceeding this value, which occur mainly on the hardest scenes, are drawn

saturated.

circuit of approximately 7 x 16 m, containing 17 obstacles
whose density places the field in the hard difficulty class of
the simulation benchmark. Three fixed poses are placed at
each end of the circuit, and taking every crossing combination
between the two ends yields 3 x 343 x 3 = 18 routes spanning
the roughly 15m gap. As in simulation, each route’s RRT*
path is planned offline once and replayed identically for every
controller, tracked with the same 2.0 m look-ahead, and each
controller is run over all 18 routes. As in simulation, 95%
confidence intervals are computed from a ¢-distribution, here
directly over the 18 individual routes.

V. SIMULATION RESULTS AND ANALYSIS

Table II reports success rate, energy per meter, and episode
time for all eight controllers across the three difficulty levels,
and Fig. 5 plots success against energy. The proposed LEAN
approach reaches the same top-tier success rate as the strongest
baselines: its success rate is not significantly different from the
energy-blind NMPC-0.0 at any difficulty (two-sample Welch
t-test on the 15 per-configuration batch means, p > 0.05),
while consuming less than a third of its energy. NMPC-0.0
sustains that success rate only by spending above 3150 J/m at
every difficulty, so ignoring energy in the objective forfeits
large, achievable efficiency gains at no benefit to success.
The energy-aware classical planners, NMPC-0.05, NMPC-0.1,
and the EA-DWA family, cut energy sharply, but only by
trading away success as their energy weight grows. At the hard
level EA-DWA-0.0005 reaches 850+44 J/m while its success

rate falls to 69.84+5.6%, against 82.4+2.6% for the LEAN-
0.004 approach. The most aggressive variants, NMPC-0.1 and
EA-DWA-0.0005, pay the steepest success penalty and are
dominated on this trade-off, so the paired comparison and field
trials below focus on the controllers that stay competitive on
success, with every operating point retained here and in Fig. 5.
The success rates of NMPC-0.0 and the LEAN approach
with different energy weights coincide at all three difficulties
because every controller tracks the same frozen RRT* plans
from the same start poses over the same shared episodes, so
that success is governed chiefly by plan feasibility; the two
highest-success controllers consequently succeed on the same
episode set.

The LEAN approach alone occupies the favorable upper-
left corner of the trade-off Fig. 5 between energy per meter
and success rate, holding the lowest energy among the high-
success controllers while achieving the best success rates and
improving on the “energy-blind” ablation Vanilla-DRL with
no loss of success. Episode time is comparable across all
controllers, so its energy savings carry no meaningful time
penalty. The proposed LEAN approach also attains the highest
SPL at every difficulty, with its path-efficiency lead over the
model-based controllers widening on the hardest scenes, so the
savings come from cleaner tracking of the shared plan rather
than from cutting corners.

To test whether the learned policy traces its own energy-
success frontier rather than occupying a single favorable
point, w, was swept over {0.001, 0.002, 0.004} for LEAN,
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Fig. 5. Success rate versus energy per meter, averaged over all episodes across
the three difficulty levels, with each controller family swept over we, including
the LEAN frontier; the off-scale energy-blind NMPC-0.0 operating point is
shown with a broken energy axis. LEAN confidence intervals is computed
across episodes and three SAC training seeds.

mirroring the sweeps applied to the two baseline families,
and the resulting operating points are added to Fig. 5 as
the LEAN frontier. Across the sweep, raising w. lowers
energy per meter monotonically while success stays within its
confidence interval up to w, = 0.004 and drops only beyond it,
placing 0.004 at the knee of the curve. Unlike the model-based
families, whose success falls steeply as w, grows, the learned
frontier stays in the high-success region as energy decreases,
indicating that LEAN shifts the attainable frontier rather than
sliding along the baselines’ one.

Fig. 4 colors each executed trajectory considering the
instantaneous energy intensity and reveals the mechanism
behind these numbers. Intensity peaks at the high-curvature
corrections forced by obstacles, where the elevated yaw rate
drives track slip and large motor currents, confirming that
obstacle-induced turning, rather than forward translation, is the
dominant cost. On the turns that cannot be avoided, the LEAN
approach spreads the curvature over a smoother, wider arc and
holds the coolest colors through the correction, committing to
a sharp maneuver only when the geometry forces it, which is
the trajectory-level origin of its energy advantage.

Comparing the energy column of Table II across controllers
requires care, because they do not all solve the same episodes:
each per-controller energy is averaged over a different subset,
so a raw difference would conflate efficiency with which
episodes each one solved. Table III resolves this by comparing
the proposed LEAN-0.004 approach against each baseline only
on the episodes both solve under the identical global plan.
Aggregating the 205 to 283 shared episodes per row, it reports
AF, the mean within-episode energy difference relative to
the baseline where negative favors the LEAN method, “Win
percentage”, i.e. the share of those episodes on which the
proposed LEAN approach consumes less energy, with a paired
bootstrap 95% confidence interval on AFE over the shared
episodes and considering three-seed SAC training variability.
Column “Sig.” of Table III counts the seeds with a significant
energy reduction. Within a seed, the paired bootstrap 95%
interval of AFE is at most +2.8 pp. Energy is tested per

seed with a Wilcoxon signed-rank test on the paired episode
energies, and success with an exact McNemar test on the
paired outcomes. LEAN-0.004:

« uses less energy than Vanilla-DRL at every difficulty in
all seeds (p < 3.5 x 10729);

¢ uses less energy than NMPC-0.05 at medium and hard
in all seeds (p < 1.6 x 10719) and at easy in two seeds
(p<7.8x1077);

o uses less energy than EA-DWA-0.0003 at medium and
hard in all seeds (p < 2.4 x 107!2) and at easy in two
seeds (p < 9.5 x 10719);

o succeeds more often than EA-DWA-0.0003 at every dif-
ficulty in all seeds (p < 0.014);

o succeeds more often than Vanilla-DRL in one seed at
medium (p = 4.9 x 10™%) and two at hard (p < 1.1 x
107%);

¢ succeeds less often than NMPC-0.05 in one seed at
medium (p = 0.013) and hard (p = 0.041).

The two comparisons that isolate the energy term are the
most informative. Against its learned energy-blind ablation
Vanilla-DRL, which differs from LEAN only in the energy
reward, the LEAN-0.004 approach saves between 33.24+25.4%
and 39.14+30.5% across all difficulties and across the three
different training seeds; against NMPC-0.05, which isolates a
learned policy against a model-based one at a matched energy
objective, it saves between 6.3+4.9% in easier difficulty
environments and 22.3+1.1% in harder difficulty cluttered
environments. In both, the margin grows monotonically with
difficulty, so the LEAN approach is strongest exactly where
the energy-success tension is sharpest. Against the remaining
energy-aware baselines the margin likewise widens from easy
to hard. The comparison against the energy-blind NMPC-
0.0, a controller no one would field in an energy study, is
reported only as a sanity check: there LEAN uses 74.3 to
81.8% less energy and wins almost every episode. The LEAN
approach does not dominate everywhere on easy: as Table II
and Fig. 5 show, the most aggressive energy variants set aside
above reach marginally lower energy there, but only at a lower
success rate.

This comparison isolates the central result of the paper. The
NMPC and EA-DWA baselines optimize the same calibrated
power model online at every step, yet the proposed LEAN
approach matches them on easy scenes and surpasses them on
harder ones while never evaluating that model at inference,
sensing energy only through the raw motor currents. A learned
policy can thus recover, and on harder scenes exceed, the
locomotion efficiency of planners built around an explicit
power model, without paying the per-step cost of solving one.
On the same hardware, LEAN selects an action in about 1 ms
per step (1.08 ms, against 1.12 ms for Vanilla-DRL), more than
an order of magnitude below the NMPC variants, whose solve
time grows with the energy weight from 24 to 48 ms, while
EA-DWA sits near 6 ms. All fit the 100 ms budget of the 10 Hz
control loop. Because all four controllers already meet this
budget, the order-of-magnitude timing advantage is not what
enables real-time control at 10 Hz here; it is headroom that
would let the learned policy run at substantially higher control
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TABLE I
HIERARCHICAL NAVIGATION IN SIMULATION. RESULTS REPORTED FOR
THE BEST AGENT OBTAINED FROM THREE DIFFERENT SAC TRAINING
SEEDS SHOWING THE WITHIN-POLICY VARIABILITY. BEST VALUE PER
COLUMN WITHIN EACH DIFFICULTY IN BOLD.

Method Diff. SR (%) T E/m (J/m) | SPL 1 Time (s) |
Easy 976+ 18 3250+52 098440006 22.2+05
NMPC-0.0 Medium 87.6+57 3154475  0.949+0.010 23.4+0.7
Hard 84.0+56 3157467  0.895+0.021 24.7+1.1
Easy 969+24  618+45  0.985+0005 225+06
NMPC-0.05 Medium  87.2+6.1 855474  0.95240.010 23.6+0.7
Hard 83.3+£59  1013+55  0.897+0.021 250+1.1
Easy 95.8£3.5 600+ 41 0.985+£0.005 22.5+ 0.6
NMPC-0.1 Medium 84.7+59 807468  0953£0.010 23.9+0.9
Hard 81.1+£54  965+53  0.898+0021 250%1.1
Easy 055+24  635+48  0.980+0007 24.1+05
EA-DWA-0.0 Medium 83.6+6.4  806+65  0.946+0.010 25.440.7
Hard 758+6.0 913439  0.894+0.019 26.7+1.1
Easy 93.8+£27  613+44  0.980+0007 24.1+05
EA-DWA-0.0003 Medium 783+6.7  754+60  0.946+0.011 255+0.8
Hard 72.6+£55  872+41 0.893 +0.021 26.8+1.2
Easy 92826  599+42  0.979+£0007 242+05
EA-DWA-0.0005 Medium 76.5+6.6  738+60  0.944+0.012 254+0.8
Hard 69.8£56  850+44  0.891+0.021 27.0+1.2
Easy 06.6£0.3 1140 +601  0.987£0.002 23.7+0.1
Vanilla-DRL Medium  83.8+3.7 12174526  0.95940.005 24.9+0.2
Hard 777461 13004491 0.921+0.012 26.1+0.3
Easy 969+06  717+78  0.981+0008 24.0%+05
LEAN-0.002 Medium  85.1+3.4 843487  0.95440.006 252405
Hard 80.5+£52  952+86  0.908+0.007 26.3+0.3
Easy 97407 649 41 0.988£0.002 244+ 1.7
LEAN-0.003 Medium  86.6+1.1 769429  0961+£0.002 254415
Hard 835+£1.5  879+25  0.916+0.002 26.7+1.7
Easy 974+05 59131 0.989+0.001 23.9+02
LEAN-0.004 Medium 86.3+23 700436  0.963+0003 25.0+0.3
Hard 824426 810+18  0.920+0.007 26.1+04
TABLE III

PAIRED ENERGY COMPARISON IN SIMULATION OF LEAN-0.004 AGAINST
EACH BASELINE. RESULTS CONSIDER JOINTLY THE WITHIN-POLICY AND
THREE-SEED SAC TRAINING VARIABILITY.

Baseline Diff. AE (%) |  Win (%) T Sig.
Easy —6.3+4.9 57+13  2/3
NMPC-0.05 Medium  —20.4 +2.9 76+8  3/3
Hard 223+ 1.1 85+3  3/3
Easy —6.3+48 62+14  2/3
EA-DWA-0.0003 Medium —11.9+3.3 547 3/3
Hard —12.54+2.1 814+4  3/3
Easy —39.1+£305 89+13  3/3
Vanilla-DRL Medium —35.9427.4  89+11  3/3
Hard 3324254  90+10  3/3

rates or on cheaper embedded compute, regimes in which the
model-based solve times would exceed the available budget.

VI. REAL-WORLD RESULTS

We carry forward only the four highest-success con-
trollers from the hard simulation tier: NMPC-0.0, NMPC-0.05,
Vanilla-DRL, and LEAN-0.004. This set spans the two axes
under test: model-based against learned control and energy-
blind against energy-aware. We leave the EA-DWA family out
because it recorded the lowest success rates of all controllers
in simulation, the steepest price paid for its energy savings
(Table II).

Table IV reports the outcome. The simulation ranking
transfers intact on energy per meter, SPL, and time, where
the margins are large: LEAN-0.004 reaches the lowest energy
per meter and the best path efficiency, cutting energy per

TABLE IV
REAL-WORLD RESULTS: HIERARCHICAL NAVIGATION. BEST VALUE PER
COLUMN IN BOLD; SR IS A PROPORTION OVER 18 ROUTES AND CARRIES
NO CONFIDENCE INTERVAL.

Method SR (%) T E/m J/m)| AE (%) | SPL 1 Time (s) |
NMPC-0.05 72.2 3610 £ 1112 —21.8+21.6 0.908 +£0.029 432+ 11.9
NMPC-0.0 88.9 20174117  —28.8+59  0.844+0.021 36.4+24
Vanilla-DRL 88.9 2586 +86  —11.94+4.1  0.935+0.008 30.9+0.5
LEAN-0.004 88.9 2355 + 89 - 0.962 +0.007 31.5+0.7

meter against its energy-blind ablation from 2586£86 to
2355489 J/m, while lifting SPL from 0.935 to 0.962, and
saving between 21.8+£21.6% and 28.8+-%5.9 per meter against
the model-based NMPC controllers at higher path efficiency.
The success rates, by contrast, rest on only 18 routes, so
the 88.9% of LEAN and Vanilla-DRL (16/18) against the
72.2% of NMPC-0.05 (13/18) differs by three routes and are
best read as comparable rather than as a ranking. Moreover,
because energy is averaged only over successful runs, equal
aggregate success does not guarantee that LEAN and Vanilla-
DRL solved the same routes; on the subset of routes solved by
both, LEAN uses 11.944.1% less energy per meter on average.
It important to stress that in 3 out of 13 successful routes,
NMPC-0.05 reached points in which the robot significantly
slowed its speed trying to evade very close obstacles. This
few cases that are less than 25% of the successful routes is
one of the contributing factors that increased the energy con-
sumption per meter compared to the energy-blind NMPC-0.0.
If these cases were to be removed and considered unsuccessful
with more strict time-out and minimum velocity constraints,
NMPC-0.05 would have appeared as more energy efficient
than NMPC-0.0. This observation reinforces the tension in
NMPC-0.05 between selecting a traversable path and mini-
mizing energy consumption, which is not faced by the LEAN
approach. The absolute energy per meter is about three times
larger on hardware than in simulation (2355 J/m against 591—
810J/m). This is expected rather than a modeling failure: the
hardware signal P, = V; (|ig| + |ir¢|) is the total battery
draw, including fixed onboard-electronics and drivetrain losses,
whereas the simulator energy of (2) accounts only for the
motors’ mechanical output and ohmic losses. What transfers is
the relative ranking of controllers, not the absolute Joules-per-
meter scale. The supplementary video shows the real-world
trajectories of Vanilla-DRL, NMPC-0.05, and LEAN alongside
their instantaneous energy usage along the route.

VII. CONCLUSION

We presented LEAN, a skid-steer local planner that learns
energy-efficient navigation from a calibrated electrical-energy
signal yet is model-free at inference, replacing dense goal-
progress shaping by hindsight relabeling so the policy is free
to discover low-energy trajectories. Against NMPC and EA-
DWA baselines that share the same identified dynamics and
power model, it reaches more goals and uses less energy than
the energy-aware benchmarks, more so on harder scenes, with
smoother, more path-efficient trajectories, in simulation and
on a 140-kg robot on real terrain at no cost in mission time.
It also selects actions more than an order of magnitude faster,
because the modeling cost is amortized offline, which at the
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present 10 Hz loop is headroom for higher control rates or
cheaper compute rather than an enabling factor.

The approach requires a calibrated simulator and energy
model at training time, and the evaluation covers a single
platform on flat hard ground with fixed payload and static ob-
stacles, without the formal safety guarantees the model-based
benchmarks offer. Within that scope, a path-shape-free reward
paired with a calibrated energy signal suffices for locomotion
efficiency that transfers to the SSMR. Natural next steps are
multi-platform transferability across robot dimensions, mass,
and dynamics, alongside varied terrain, dynamic obstacles, and
safety-constrained policies that pair the learned efficiency with
formal guarantees.
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