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Dynamics-aware local trajectory control of a tracked vineyard robot
via deep reinforcement learning

Filip Zibek, Oliver Halas, Vendelin FrantiSek Skokan, Ladislav Korosi,
Ondrej Straka, Ale§ Melichar, Martin Dekan

Autonomous navigation between narrow vineyard rows requires respecting the platform’s dynamics, which trajectory
optimizers such as CHOMP and STOMP resolve in batch before motion and again whenever the map changes. We instead cast
local navigation as a continuous-control Markov decision process whose actions are the per-track torques of a skid-steer robot,
so the platform’s dynamics enter the control law itself, and the optimization is paid once, during training. Soft Actor-Critic
(SAC) and Twin Delayed Deep Deterministic policy gradient (TD3), both recurrent, and a feed-forward Proximal Policy
Optimization (PPO) baseline are trained over ten seeds in simulation from a real vineyard passability map. On two held-out
scenarios all three produce shorter routes than a conservative weighted A* reference at higher peak but comparable average
impassability, and the safety ranking of the off-policy agents reverses between scenarios.
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1 Introduction

Autonomous navigation for mobile robots is a foun-
dational problem in robotics and a prerequisite for safe
operation in unstructured outdoor environments. It is
classically decomposed into four coupled sub-problems:
mapping, localization, path planning, and trajectory
optimization together with the motion control that it
executes [1]. In a simulated setting, the first two con-
dense into a single passability map, a grid in which each
cell encodes how difficult the corresponding patch of
terrain is to traverse. Building such traversability fields
from raw perception is itself a broad research area [2, 3].
The open question we address is not how to build the
map, but how to act on it in closed loop on a platform
with non-trivial dynamics.

We target the last of these sub-problems in a deman-
ding instance: local trajectory optimization for a four-
track robot, a tracked vineyard robot with independent
torque control of each track. The objective is not merely
to compute a route but to drive the robot along one it
continuously adapts to local terrain. Vineyards are
adverse for conventional planners: the rows are narrow,
the inter-row terrain is irregular and time-varying, and
the traction of a tracked platform changes with soil
moisture, so that a geometrically valid path may be
dynamically infeasible.

Classical motion planners are the established tools
for this task but their limitation here is computational
rather than representational. A* algorithm searches for
the configuration graph for a least-cost path under a geo-
metric cost and is in that sense genuinely blind to the
robot’s dynamics [4]. CHOMP and STOMP are not:
CHOMP refines an initial trajectory by functional-
gradient descent on a cost trading smoothness against
terrain, and can respect hard constraints along the
trajectory [5], while STOMP optimizes a comparable
objective by cost-weighted stochastic sampling and,
requiring no gradients, admits arbitrary non-differ-
entiable terms, explicitly including constraint and
motor-torque costs [6]. A dynamics-aware cost can
therefore be written for either. The obstacle is what such
a cost takes to optimize: both iterate over an entire
trajectory before the robot moves, against a map held
static for the duration of the optimization, and a map that
has changed obliges them to solve again. Dynamics-
awareness is thus bought with precisely the resource
a robot already under way does not have, and the pipe-
line still ends by handing a trajectory to a separate
tracking controller, which at execution time has no me-
chanism of its own to slow the robot when traction
degrades or to redistribute torque when a track begins to
slip.
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Learning-based methods fold these factors directly
into the decision process. Deep reinforcement learning
(RL) can learn closed-loop behaviors such as reactive
avoidance and speed regulation directly from inter-
action, where they are hard to hand-engineer [7-9]. For
the continuous action spaces relevant to torque control,
the dominant algorithms are the off-policy actor-critics
DDPG [10], TD3 [11], and SAC [12] and the on-policy
PPO [13], typically with generalized advantage esti-
mation [ 14]. Recurrent layers such as LSTM [15] extend
these policies to partially observable settings by main-
taining an internal state, and have been used in learning-
based navigation such as multi-agent path finding [16].
Within agricultural robotics, learned local planners have
been demonstrated for vineyard row following [17].

We learn a controller that observes a local passability
map and the robot’s kinematic state and outputs the four
track torques directly, closing the perception-to-actua-
tion loop. The central contribution is this dynamics-
aware formulation: casting local navigation as a conti-
nuous-control MDP whose actions are per-track torques
makes the platform’s kinematics and dynamics part of
the control law itself, rather than a constraint to be
written into a cost and solved for afresh at every query.
The optimization is paid once, offline, during training;
at run time the policy evaluates a fixed-size local
window at each control step, so its cost per step is
constant and independent of route length. It can therefore
run on a segment of a stored map or, in principle, online
from locally sensed occupancy, where a trajectory
optimizer such as CHOMP or STOMP would have to re-
solve. The SAC and TD3 actors and critics embed
LSTM layers for partial observability, and the reward
includes a terrain-adaptive safe-speed term derived
online from the local map. We compare SAC, TD3, and
PPO against a conservative weighted A* reference and a
straight-line geometric bound, training each agent over
ten seeds and reporting full distributions rather than
single runs [18, 19]. Basic A*, CHOMP, and STOMP
are implemented and discussed as classical points of
reference (Section 3.4) but are not evaluated quanti-
tatively here, as it is out of the scope of this work. We
find that the learned controllers produce shorter routes
than the weighted A* reference at a quantified safety-
efficiency cost, and that the safety ranking of the two off-
policy agents reverses between our two test scenarios,
which bears directly on how such controllers should be
evaluated. The safe-speed term cannot induce the
anticipatory slowing it was designed to produce, for
reasons we trace to the formulation rather than to the
learning. The off-policy agents carry recurrent memory
while PPO remains feed-forward, a design we relate to
prior work on recurrent policies rather than to a con-
trolled ablation.

y [m]

Fig. 1. Vineyard passability map from aerial imagery at
0.1 m per pixel. Bright regions are impassable, dark
regions traversable. The marked rectangles are the seg-
ments cut for the test scenarios.

2 Problem formulation

The task is to drive the robot from a start pose to
a goal location through passable terrain, while (i)
keeping clear of impassable cells, (ii) respecting the plat-
form’s kinematic and dynamic limits, and (iii) adapting
the motion online to the local terrain. Crucially, we do
not seek a geometric path to be tracked later; we seek
a closed-loop control policy that emits torques. Acting
directly on the actuators is what admits terrain-
dependent behavior at execution time, such as modu-
lating speed or redistributing torque between tracks,
without re-solving an optimization problem.

3 Method

We formulate torque-level navigation as a con-
tinuous-control MDP. This section introduces the robot
and simulation model, the MDP itself, the three learned
architectures, and the classical planners used as refe-
rence. Some of the results are rather shown in project’s
Github repository [21].

3.1 Robot model and simulation

Training and evaluation are performed in MATLAB
simulation [20] that models a simplified four-track robot
whose parameters reflect the target hardware. The
continuous state is x = [x,y,0,v,w,z,z]T, where
(x,y,0) is the planar pose, v and w the forward and

angular velocities, and z, Z the chassis height and its rate.

The state is integrated with a fixed step dt = 0.05 s.
When the angular rate is negligible the pose integrates
linearly. Otherwise it follows a circular arc about the
instantaneous center of rotation, which keeps the
numerical trajectory error small. The control inputs are
the four motor torques M = [Mp;, Mpg, Mgy, Mrg]™.
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Each torque is converted to a tangential track force
through the drive radius r; = 0.06 m and gearbox effi-
ciency Ngrive = 0.9,

M
Ftang = r_ndrive €]

N
and is saturated by the available friction, with friction
coefficient u = 0.7 and gravitational acceleration

myg

E = | — 2
max 4 ( )

The resulting longitudinal and yaw accelerations
follow from the left/right traction forces F;, Fg, the track

half-offset  y,rfrser = 0.25m, the yaw inertia
J; = 3.0 kgm?, and linear damping terms,
(F, + Fg) — byv
Qlong = m
Fr —F - b,w
ayaw _ ( R L)Y;ffset w (3)
z

A vertical sub-model (suspension stiffness, damping,
and an active height command) reproduces dynamic
shifts of the center of gravity, so that stability effects
appear in the simulated response. Saturating the track
force at E,,, is what makes the dynamics non-trivial:
commanded torque and available traction are coupled, so
beyond the saturation point additional torque produces
no additional acceleration and the policy must distribute
effort across the four tracks rather than simply demand
more of one. Note that u is held constant in this model,
so the friction cap itself does not vary with terrain;
terrain enters the problem through the passability map,
which drives the collision test, the reward, and the
terrain-dependent safe speed of Section 3.2.

3.2 Markov decision process

We cast the navigation task of Section 2 as a Markov
decision process (MDP) [7], specified below by its state,
action, and reward. The remaining settings are shown in
the GitHub repository [21].

State and observation. At time t the state is the pair
s¢ = (M¢, x¢). The local map M, is a 20x20 window of
the passability map, centered on the robot and expressed
in the global frame,

M, € [0,1]>%%2° (4)

The kinematic/navigation sub-vector collects orien-
tation, heading error, normalized goal distance, and nor-
malized velocities,

. : 5 _ 9T
Xp = [sm 6, cos 0, sin B¢y, €OS Oerr, dgoars U, a)]t (5)

where 68, is the heading error to the goal, ngoal the goal
distance normalized by the initial trajectory length, and
Dy, @; the velocities normalized by 5ms~! and
5rads™!. The map is flattened and concatenated with
x; to form the network input,

X
Ot = [vec(tMt)] € R*7 (©)

The map is thus consumed as a flat vector: no
convolution is applied to it. At 20x20, the window is
small enough that a fully connected layer over it carries
a modest parameter count, and keeping the observation
a single vector lets the same architecture serve all three
algorithms without a separate spatial encoder.

0 5 10 0 5 10 15
y [m] cell

[[Oextraction window e robot — weighted-A*] ~ [——robot pose + heading contact hitbox cell grid]

Fig. 2. a) Extraction of the 20x20 local passability
window from a map segment. (b) The window itself, 2.0
m square, with the dashed 5x5 contact hitbox that
defines Tq;fs

A convolutional front end would be the natural
extension for larger windows and is not evaluated here.
An example local window is shown in Fig. 2.

Action. The action is the four-dimensional vector of
track torques, bounded by the motor limits,

a; = [TpL, Trr, TrL, Trrl T € A
A =[-10,10]* c R*(Nm) (7)

The continuous, four-dimensional action enables
differential steering and active force distribution over
uneven terrain; the forward speed is additionally capped
at 5ms~1. All three algorithms compared here operate
natively in continuous action spaces, so no discretization
is required.

Reward. The reward at each step is the sum of a ter-
minal term, a progress term, a heading term, and a speed
penalty,

R = rfin + rprogress + rheading - rspeed (8)
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The terminal term rewards reaching the goal and
penalizes failure, ending the episode when non-zero

+100 if dgoa < 0.3m,
Trin =3—500 collision, step limit or entrapment,
0 otherwise.

©)

The progress term rewards closing the distance to the
goal

Tprogress = 100 (dprev _dgoal)'
v < 3mst (10)

where d;e, and dgoal are the goal distances at the
previous and current steps. It is gated below 3 ms™?!
(above the terrain-adaptive safe speed of at most 2 ms™*
but below the 5 m s~ cap) so that the agent cannot earn
progress reward by moving faster than is safe. This term
has the form of potential-based reward shaping with
potential @ = —d4q;, a class of shaping that provably
leaves the optimal policy unchanged [22]. The heading
and speed terms below are bounded, task-specific
shaping tuned to suppress degenerate behaviors rather
than to redefine the objective. The heading term rewards
facing the goal and explicitly penalizes facing away
from it, eliminating a learned tendency to approach the
goal in reverse,

(11D

where e;, is the normalized heading error. Finally, the
speed penalty regulates velocity against a terrain-
dependent safe speed,

— 2
Theading = 1- 6eh

2
Tspeed = 5(|U| - 17safe)
lv| > Usafe

(12)

with the safe speed derived online from the difficulty of
the terrain in contact with the robot,

Vsafe = 2(1 = Taify)

Tairf = mean(hitbox) (13)

where Ty;¢5 is the mean impassability over the cells in
direct contact with the platform. The progress weight of
100 is deliberate: with d; = 0.05 s the largest single-
step displacement is 0.25 m at the 5 m s~* cap, bounding
the per-step progress reward by 25, while the 3 ms™1
gate binds first and holds the credited value below 15.
Either way the term stays well scaled relative to the
terminal reward. The collision penalty is five times the
goal reward, prioritizing safety over speed. The compo-
nent weights and thresholds were set by a combination
of domain reasoning and empirical tuning, following
established guidance for stable RL training [23]. Section
5.2 examines whether the safe-speed term achieves its
intended effect.

3.3 Network architectures

The three agents share the observation and action
spaces [21] and differ mainly in whether they carry
recurrent memory and in their policy class. Full layer
specifications follow the original algorithms [11-13].
We state only the choices relevant to this study.

SAC uses a stochastic recurrent actor: a 256-unit
fully connected feature extractor followed by a 128-unit
LSTM that maintains trajectory context, with separate
mean and standard-deviation heads. Its twin critics are
likewise recurrent, and the entropy temperature is tuned
automatically toward a target entropy of —|A| rather than
held fixed [24]. Summed over the actor and both critics,
the agent has 0.96x106 parameters.

TD3 shares the recurrent actor-critic backbone but
with a deterministic actor. At 1.11x106 parameters it is
the largest agent, its twin critics each carrying two
LSTM layers per input branch. One further detail is
relevant to its behavior in Section 5: whereas the SAC
and PPO actors scale their tanh output by 10, the TD3
actor scales by 20 before the environment saturates the
command at £10 Nm. Its effective action range is
therefore identical to the others, but the torque limit is
reached whenever the tanh output exceeds 0.5 in magni-
tude, giving TD3 a markedly more saturated, bang-bang
actuation than the other two agents.

PPO is feed-forward throughout, with an MLP actor
and a separate value critic and no recurrence or twin
critic; at 0.34x106 parameters it is by far the smallest
agent. We attempted a recurrent PPO but did not obtain
stable training. This is consistent with the documented
difficulty of recurrent on-policy optimization: because
PPO reuses each trajectory batch over several epochs,
the stored LSTM hidden states grow stale relative to the
updated policy, a phenomenon analyzed by Pleines et al.
[25]. Mitigations such as refreshing the hidden states
before each epoch exist but lie outside the scope of this
work, and the issue does not arise for a feed-forward
PPO, which carries no hidden state. We therefore adop-
ted the feed-forward design, the principal architectural
difference from the off-policy agents.

3.4 Conventional baselines

For reference we implement four classical planners.
Of these, only weighted A* enters the quantitative com-
parison of Section 5, for the reasons given at the end of
this section. The other three are described here to situate
the learned controller against the standard alter-natives.
Basic A* performs an 8-connected grid search with
a Manhattan heuristic but ignores passability, so it pro-
duces a near-minimal geometric route while crossing
impassable cells; this makes it useless as a safety
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reference and we do not report it. Note that a Manhattan
heuristic is inadmissible on an 8-connected grid whose

diagonal steps cost V2, so neither A* variant used here
is optimal in the strict sense; both are used as con-
servative references rather than as optimality bounds.
Weighted A* augments the step cost with a terrain
penalty

gm) = g(cur) + cpgse + Crerr

Cterr = a|H(m) — H(cur)| (14)

with @ = 40, cpase = Vdr? + dc? the Euclidean step
cost, and H the passability field of Section 2, so that ¢,z
penalizes spatial gradients of passability. The result is
a conservative, safety-prioritizing route that we use as
the principal reference. It is drawn on both test scenarios
(see project’s Github repository [21]). CHOMP refines
an initial straight-line trajectory by gradient descent,
&xr1 = & —nVU(&), balancing a smoothness term
against the same terrain cost. STOMP optimizes a com-
parable objective with cost-weighted stochastic sam-
pling. Both are global trajectory optimizers, and their
expressive power is not the limitation: CHOMP admits
hard constraints along the trajectory [5] and STOMP,
needing no gradients, admits non-differentiable terms
such as constraint and motor-torque costs [6], so either
could in principle be given a dynamics-aware cost. The
limitation is what one query costs. In the configuration
used here, CHOMP evaluates its gradient at 500
trajectory points over 1000 iterations, and STOMP
draws 20 noisy rollouts of 300 points over 200 iterations,
on the order of 106 cost evaluations before the robot
moves; a richer cost multiplies that figure. Both also
assume the map is fixed for the duration of the
optimization, can fail to converge on the more contorted
routes, and on the vineyard map tend to cut repeatedly
across the vine rows. The learned controller instead pays
its optimization once during training and evaluates a
single fixed-size window per control step, at a cost that
does not grow with route length. We do not report
CHOMP and STOMP results in Section 5. Both con-
sume an entire route in one batch and emit a geometric
trajectory with no associated speed profile or actuation,
so the three metrics we use are not defined for them on
comparable terms. Establishing a fair comparison would
require pairing each with a tracking controller on the
same platform model and reporting the resulting exe-
cuted trajectory, which is out of scope here, and we leave
it to future work. Weighted A* is retained as the prin-
cipal reference precisely because it is the one classical
planner that produces a passability-aware route directly
comparable on all three metrics. It should be read as
a reference from the layer above: in the decomposition
of Section 1 it addresses path planning, whereas the
learned controller addresses trajectory optimization and
motion control. The two are complementary rather than
substitutes, which is what makes the hybrid arrangement
of Section 5.5 natural.

4 Experimental setup

Training environment. Smaller segments are
extracted from the global passability map to form five
training scenarios; training on the full map would make
a single episode prohibitively slow. At every episode
reset the environment selects a scenario at random and
samples a start and goal from its predefined route set,
and the robot’s initial orientation is randomized over the
full 360°. This randomization forces the policy to react
to the current observation rather than memorize a fixed
maneuver. A target is counted as reached when the robot
comes within an acceptance radius of 0.3 m of it. The
test is evaluated at every control step and applies to each
waypoint in the sequence, not only to the final goal.

Hyperparameters and training. The details of
training and hyperparameters are listed in the project’s
GitHub repository [21]. The off-policy agents train with
a replay buffer of 10° transitions, a mini-batch of 2048,
and an LSTM sequence length of 10, for 4000 episodes
(SAC) and 7000 episodes (TD3); the first 5000 en-
vironment steps use random actions to seed the buffer.
The on-policy agent (PPO) trains for 20,000 episodes
with an experience horizon of 3000 and 10 epochs per
update. All agents use a learning rate of 3 X 10™*. The
much larger episode and horizon budget of PPO reflects
a well-documented difference in sample efficiency: off-
policy SAC and TD3 reuse transitions from the replay
buffer and therefore need far fewer environment
interactions, whereas on-policy PPO must collect fresh
trajectories for every update [12, 13]. The mini-batch
sizes and gradient-clipping thresholds likewise follow
established settings for each algorithm family [22].

Statistical protocol. Because deep RL is highly sen-
sitive to random seeding, point estimates from a single
run can misrepresent an algorithm’s behavior [18]. Each
algorithm is therefore trained ten times with identical
hyperparameters but different seeds, and results are
reported as full distributions (box plots) rather than
means, exposing the inter-quartile spread and outlier
runs that form the safety-critical tail for field robotics.
Reporting per-seed distributions in this way meets the
minimum standard recommended for reliable RL
evaluation [18]. We do not additionally apply stratified
estimators such as the interquartile mean or bootstrap
confidence intervals [19], nor formal pairwise signi-
ficance tests, which would require the full per-seed score
matrix.

Test scenarios and metrics. Two held-out test
scenarios assess generalization. Scenario 1 emphasizes
long, near-straight runs with two sharp reversals and is
dominated by horizontal motion along the rows.
Scenario 2 is more tortuous, with frequent direction
changes and one inter-waypoint gap deliberately larger
than any seen in training, and is dominated by vertical
motion across the map. As an absolute lower bound, we
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compute the straight-line connection of the waypoints,
with reference lengths of 23.33 m (Scenario 1) and
31.72 m (Scenario 2); this line is geometrically optimal
but generally unrealizable. Performance is measured by
three metrics: the total path length (m); the average

impassability (%), the mean obstacle density in a 5x5
occupancy window centered on the robot, averaged over
the run; and the maximum impassability (%), the worst
such value along the run. Lower impassability indicates
a safer route.

Table 1. Training hyperparameters for SAC, TD3, and PPO

Scenario | Metric SAC TD3 PPO W-A* Straight
1 Path length (m) 24.62 [24.22-25.09] 23.55 [23.35-23.98] 24.42 [23.94-24.68] 26.91 23.33
1 Avg. impass. (%) 11.40 [10.20-12.70] 18.35 [17.00-19.30] 12.50 [12.20-14.10] 9.79 -
1 Max. impass. (%) | 47.95 [44.40-53.27] 62.00 [58.50-62.50] 49.23 [46.07-57.87] 33.62 -
2 Path length (m) 36.80 [35.40-37.44] 32.84 [32.31-33.50] 33.75 [33.32-34.70] 38.52 31.72
2 Avg. impass. (%) 19.88 [19.16-21.30] 13.80 [13.40-16.60] 16.50 [15.20-17.20] 15.81 -
2 Max. impass. (%) 68.95 [59.96-72.90] 57.36 [40.75-69.92] | 57.77 [56.82—65.03] 46.64 -
5 Results Scenario 1

Table 1 summarizes every method on both scenarios.
Because deep RL is seed-sensitive, the learned-agent
entries are medians over the ten independent training
runs rather than a single rollout; Figure 5 shows the full
distributions behind them. We first establish the classical
reference, then analyze each learned controller, and
finally compare them statistically.

5.1 Weighted A* reference

The weighted A* planner is conservative by design:
it attains an average impassability of 9.79% on Scenario
1 (path length 26.91 m) and 15.81% on Scenario 2 (38.52
m), with peak exposure of 33.62% and 46.64%
respectively. Its routes are the longest of any method. It
records the lowest exposure of any method on three of
the four impassability measures and is the reference the
learned controllers are measured against; the exception,
Scenario 2 average impassability, is taken up in Section
5.5.

5.2 Learned controllers

All three RL agents drive the robot by commanding
torques, so their routes emerge from physical interaction
with the terrain rather than from geometric optimization
(Figs. 3a and 3b).

impassability

y[m]

——SAC O Start
——TD3 Y% Goal
——PPO

Fig. 3a. Executed trajectories of SAC (blue), TD3
(orange) and PPO (green). These are randomized-start
single-segment rollouts, shown for route shape only,
Scenario 1

SAC is the safest agent on Scenario 1, with the lowest
median average impassability (11.40%) and the lowest
median peak (47.95%), at a median route length of
24.62 m, 2.29 m shorter than weighted A*. That advan-
tage does not carry over: on Scenario 2 it is the worst
learned agent on all three metrics (Section 5.3).

TD3 produces the shortest routes in both scenarios
(23.55 m and 32.84 m median, both close to the straight-
line reference). On Scenario 1 it pays for this in safety
margin, with the highest median average impassability
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(18.35%) and the highest peaks (62.00%), consistent
with the more saturated actuation implied by its x20
output scaling (Section 3.3). In Scenario 2, however, it
is the best learned agent on every metric.

Scenario 2
1 — 1
2
3f
10.75
4 a
51 z
= 3
E 6 05 8
= 3
7 £
8 |
0.25
g |
10
1 0
y [m]
——SAC O Start
——TD3 Y% Goal
——PPO

Fig. 3b. Executed trajectories of SAC (blue), TD3
(orange) and PPO (green). These are randomized-start
single-segment rollouts, shown for route shape only,
Scenario 2.

PPO, despite lacking recurrence, is competitive
throughout: it is second of the three on every metric in
both scenarios, never best and never worst. It also com-
pletes the task in substantially fewer control steps than
either recurrent agent (291, against 345 for SAC and 346
for TD3, on Scenario 1; 281, against 431 and 390 respec-
tively, on Scenario 2) at comparable route length, that is,
by driving faster rather than by taking a shorter path.

Terrain-adaptive speed. The reward of Eqn. (8)
penalizes forward speed above a terrain-dependent safe
speed Vgqfe = 2(1 — Tair f), with the intention of indu-
cing the robot to slow down before difficult ground. The
term as formulated cannot express that behavior, and the
measurements bear this out (PPO can be seen in Fig. 4.
SAC and TD3 comparison can be seen in project’s
Github repository [21]). Across the six rollouts, forward
speed and local impassability are positively associated at
zero lag in five cases, and the deepest speed minima
occur in open terrain, at the waypoint reversals, rather

than on the difficult patches. Where a reduction in speed
does follow a rise in impassability it appears some tens
of control steps later, so any such response is reactive
rather than anticipatory. The reason is structural: Tg;rs
is the mean over a 0.5 mx0.5 m hitbox centered on the
robot (Fig. 2) and therefore carries no look-ahead at all;
the only forward information is the 1.0 m radius of the
observation window, roughly fourteen control steps at
the observed speeds.

PPO — speed and terrain difficulty
l T, above rollout mean ‘

(a) Scenario 1 (291 steps) (b) Scenario 2 (281 steps)

speed v [m/s]
= - N w N

[Pl

o
=}

impassability [%]
8 &

Joabbid.

50 100 150 200 250 50 100 150 200 250

simulation step

o

Fig. 4. Forward speed (upper) and impassability (lower)
per agent. The intended coupling is absent: the two are
positively associated at zero lag in five of six rollouts.
PPO peaks near 4.3 ms™ 1.

5.3 Statistical comparison

Figure 5 reports the distribution of all three metrics
over the ten seeds for both scenarios. Four patterns
emerge. First, on path length all three learned agents fall
below the weighted A* reference in both scenarios, and
TD3 attains the shortest median with the tightest spread
(23.55 m on Scenario 1, interquartile range 0.63 m
against 0.87 m for SAC and 0.74 m for PPO). Part of the
TD3 box lies below the 23.33 m straight-line reference,
which is possible because the 0.3 m acceptance radius
lets a rollout cut each waypoint corner rather than pass
exactly through it; the reference is therefore a close
approximation to a lower bound, not a strict one. Second,
on maximum impassability every learned agent sits
above the weighted A* reference (33.62% and 46.64%),
confirming that peak exposure is a tail risk of the learned
policies rather than an artifact of a single run.

Third, and most consequential, the safety ranking
reverses between the two scenarios. On Scenario 1 SAC
is the safest learned agent on both impassability metrics
(median 11.40% average, 47.95% peak) and TD3 the
least safe (18.35%, 62.00%). On Scenario 2 the order
inverts completely: TD3 is best on all three metrics
(32.84 m, 13.80%, 57.36%) while SAC is worst on all
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three (36.80 m, 19.88%, 68.95%). Neither off-policy
agent is reliably safer than the other; which one looks
better depends on the scenario it is measured in. TD3’s
advantage on Scenario 2 peak exposure should none-
theless be read with care: its median is the lowest of the
three, but its interquartile range spans 40.75% to
69.92%, close to thirty percentage points and far wider
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than either competitor’s, so individual seeds range from
clearly the safest to among the roughest. Fourth, PPO is
the only agent that never occupies either extreme: it
ranks second of the three on all six metric-scenario
combinations. Its boxes are also among the tightest, the
exception being its maximum-impassability outlier on
Scenario 2.
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were set from observed convergence.
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5.4 Training convergence

The mean reward curves, averaged over the ten seeds,
reveal markedly different learning dynamics (Fig. 6).
SAC converges smoothly but slowly, rising steadily
from about —580 and crossing into positive reward at
roughly episode 3000 of its 4000-episode budget. TD3
improves in two discrete steps rather than one: reward
stays near —620 until about episode 2900, jumps to
roughly +200, then makes a second jump near episode
5000 to settle between 750 and 850. PPO requires far
more experience, running to 20,000 episodes; its curve
is stable but slow and begins with a pronounced
instability dipping to about —2900, characteristic of on-
policy policy search, after which it crosses zero near
episode 8300. Because final training reward orders the
agents differently from the task metrics, we base all
comparisons on the latter. PPO is the cheapest per update
and carries under a third of TD3’s parameter count.

5.5 Discussion

These results must be read along two axes. On the
safety metric the conservative weighted A* planner
leads on peak exposure in both scenarios (33.62% and
46.64%) and on Scenario 1 average impassability
(9.79%), though TD3 attains a lower average on Sce-
nario 2 (13.80% against 15.81%). The planner’s terrain
penalty charges a|H(n) — H(cur)|, the gradient of
passability rather than its level, so it avoids terrain
transitions rather than difficult terrain as such, and the
route it returns is purely geometric, carrying no model of
the platform’s kinematics or dynamics. The contribution
of the learned controllers is therefore not that they solve
a safer problem but a different one. A classical planner
emits a trajectory for a separate tracker to execute,
resolving whatever dynamics its cost encodes before the
robot moves and paying again whenever the map
changes. The RL policies instead close the loop from
perception to actuation at a fixed cost per control step,
and produce shorter routes than the conservative
reference. The trade-off is thus one of safety against
efficiency: median peak impassability ranges from
47.95% to 68.95% across the three agents and two
scenarios, so the learned trajectories do at times pass
close to impassable terrain, which motivates a hybrid
scheme in which a safety-first global planner supplies
a coarse route that the learned controller locally adapts.
The safe-speed result of Section 5.2 carries a design
lesson.

A reward intended to shape speed against terrain
should evaluate the terrain the robot is about to enter,
over a horizon matched to its braking distance. We
record this as the most actionable finding of the study for
practitioners designing similar rewards. Choosing

among the learned agents is less clear-cut than a single
scenario suggests. TD3 has the strongest raw numbers,
winning four of the six metric-scenario combinations,
but neither off-policy agent holds its ranking across the
two scenarios (Section 5.3). We therefore recommend
PPO for deployment, on consistency rather than peak
performance: it is the only agent never worst on any
metric in either scenario, it is the cheapest by a wide
margin (0.34M parameters against 0.96M and 1.11M),
and being feed-forward it carries no hidden state to
initialize or resynchronize on hardware. The consistency
argument rests on two environments, so it establishes
that PPO did not fail on any axis we measured rather than
general superiority; the architectural and computational
arguments do not depend on scenario count. PPO
achieves its low step counts by driving fast rather than
short, at speeds that would require an explicit cap for
a 40 kg robot working between vine rows; it is con-
sequently the agent whose ranking would change most if
that cap were lowered. If shortest path is the sole
objective and the deployment terrain resembles Scenario
2, TD3 is the better choice. We did not run a controlled
recurrent-versus-feed-forward ablation, so the LSTM
design follows prior evidence rather than a measured
benefit here: recurrent memory aids off-policy agents
under partial observability [26, 27], while recurrent on-
policy PPO is difficult to stabilize [25]. These con-
clusions are bounded by the study’s scope. It is conduc-
ted entirely in simulation with a hand-designed reward;
the dynamics model only partially captures track slip and
soil-moisture variability; and the observation is read
directly from the simulator, whereas a physical deploy-
ment must reconstruct the passability window and
kinematic vector from onboard sensing and localization.
Together these define the sim-to-real gap that physical
validation must close.

6 Conclusion

We presented a deep-RL controller that converts a
local window of a precomputed vineyard passability
map, together with the robot’s kinematic state, directly
into per-track wheel torques, making the platform’s
kinematics and dynamics part of the control law rather
than a constraint encoded in a cost and solved for at
every query. Unlike trajectory optimizers such as
CHOMP and STOMP, which re-solve per query, it pays
that cost once during training and thereafter evaluates
one fixed-size local window per control step. Bench-
marking SAC, TD3, and PPO over ten seeds on two test
scenarios, all three learned controllers produced shorter
routes than a conservative weighted A* reference, at
consistently higher peak impassability but comparable
average exposure, which defines the safety-efficiency
trade-off between them. The safety ranking of the two
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off-policy agents reverses between the two scenarios, so
reporting full seed distributions is what makes the
comparison interpretable at all. We recommend the feed-
forward PPO agent, the only one never ranked worst on
any metric and the smallest by a factor of three. We also
report a reward-design finding: the term intended to
induce terrain-adaptive slowing cannot do so, because
the terrain measure it depends on carries no look-ahead.
Future work will incorporate the energy cost of motion
into the reward, extend the state with sensor data from
the physical chassis, and validate the trained agents on
real hardware, where track slip, uneven loading, and
soil-moisture variability come into play. A promising
direction is the hybrid architecture of Section 5.5, in
which weighted A* supplies a coarse, low-risk route that
the RL controller tracks and locally adapts in closed
loop. Redesigning the safe-speed term to evaluate the
terrain the robot is about to enter rather than the terrain
beneath it is a direct and inexpensive test of whether
terrain-adaptive speed control is learnable in this setting.
A direct ablation of recurrent against feed-forward SAC
and TD3, and an evaluation over more than two
scenarios, also remain open.
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