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A Machine-Learning and Cybernetic Control

Framework for RGB–Geometric UAV Navigation

Abstract

Cybernetic navigation of an unmanned aerial vehicle (UAV) requires visual per-
ception, structured feedback, adaptive rewards, and safety intervention within a
unified perception–decision–action loop. We present a river-corridor navigation
framework that fuses red–green–blue (RGB) observations encoded by a residual
network and feature pyramid network (FPN) with kinematic, target, centreline,
clearance, and memory variables, and optimises the controller using twin delayed
deep deterministic policy gradient (TD3). Replay retains six reward components
so that sampled transitions can be reweighted consistently. A differentiable meta-
gradient links virtual actor–critic updates to one-step validation kinematics. In
fixed-width ablations, the vision-plus-kinematics condition retained 84.0% com-
pletion, supporting the use of RGB information by the policy. Removing memory
produced the largest observed decrease (4.25 percentage points), although no
structured-state contrast was statistically significant and the no-target and no-
centreline point estimates slightly exceeded the full-state result. Meta-gradient
variants improved on fixed weights but did not outperform the projection-
matched zero-hypergradient control, so the gain is attributed to projected reward
reconfiguration rather than to the hypergradient alone. On a five-seed river-event
benchmark, the hybrid TD3 controller achieved 88.5% mean task completion,
where completion comprises goal arrival, successful rerouting, or a protocol-valid
safe stop; this exceeded nonlinear model predictive control by 11.1 percentage
points and rapidly exploring random tree star replanning (RRT*-Replan) by 15.9
points.

Keywords: machine learning, cybernetic control, UAV navigation, RGB–geometric
fusion, meta-gradient reinforcement learning, hybrid control

1 Introduction

Unmanned aerial vehicles (UAVs) can acquire high-resolution observations along river
reaches that are difficult to survey from fixed stations or by manual inspection
(Acharya et al. 2021; Liu 2023; Manfreda et al. 2024; Yadav et al. 2024). Navigation
in these corridors is nevertheless difficult: water reflections alter appearance, narrow
bends restrict manoeuvring space, shoreline interruptions weaken geometric cues, and
bridges or floating objects create local occlusion and collision risk. A useful controller
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must therefore couple visual interpretation with metric progress and clearance rather
than treating perception and motion as independent tasks.

Model-based planners provide interpretable trajectories when maps, obstacle
states, and dynamics are sufficiently accurate (Fan et al. 2022; Song and Scaramuzza
2022; Tordesillas and How 2022). Learning-based controllers can react directly to
observations and have demonstrated high-speed, wind-adaptive, and differentiable-
physics flight in demanding aerial environments (Loquercio et al. 2021; O’Connell et al.
2022; Zhang et al. 2025). Their conclusions nevertheless depend strongly on what the
policy actually receives. A network described as visual is not visually validated if its
image tensor is replaced by a deterministic projection of privileged simulator variables.
Likewise, an ablation does not isolate a structured input when the same information
remains encoded through a surrogate feature vector. These distinctions are especially
important for river navigation, where a centreline, signed-distance field, or manually
corrected mask may be available during simulation analysis but unavailable during
deployment.

We address this problem as a machine-learning and cybernetic control system with
four separately verifiable interfaces. The visual interface consumes the current rendered
RGB frame and computes a trainable multi-scale representation with ResNet–50 and a
feature pyramid network (FPN). The feedback-state interface contains only explicitly
named kinematic, target, centreline, ray-clearance, and memory variables. The reward
interface stores the unweighted component vector, allowing every sampled reward to
be reconstructed under the current weights. The intervention interface maps a learned
policy action to an executed action only during a separate frozen-policy evaluation and
records both signals. These interfaces close the perception–decision–action–feedback
loop while preventing visual evidence, privileged geometry, reward adaptation, and
engineered intervention from being conflated.

The contributions are as follows:

1. We formulate a 291-dimensional feedback state in which an online RGB/FPN rep-
resentation is concatenated with 35 fully defined geometric and kinematic variables.
Global pooling supplies appearance context, while exact metric feedback remains
explicit.

2. We close the adaptive-reward computational graph mathematically and algorithmi-
cally. Replay stores six dimensionless components rather than a stale scalar reward,
and the outer loss depends on a virtual actor action through explicit differentiable
kinematics and local geometry.

3. We define leakage-resistant, fixed-width ablations for target, centreline, clearance,
and memory inputs. Removing a structured block replaces only that block with
zeros and never inserts a surrogate for the omitted variable. The vision-plus-
kinematics condition provides outcome-level evidence that the trained policy uses
the RGB/FPN stream.

4. We separate learned control, predictive optimisation, and rule intervention. The
policy action and executed action are logged independently, compatible controllers
receive the same frozen rule map, and paired event tables quantify benefits and
side effects.
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5. We provide a reproducible evaluation protocol with frozen balanced manifests,
equal interaction budgets, paired statistics, finite-difference gradient checks, field-
file provenance, and distinct evidence for general geometry control and river-specific
events.

2 Related work

2.1 River observation and geometric planning

UAV imagery is widely used for river mapping, hydrological monitoring, water-quality
assessment, and flood reconnaissance (Acharya et al. 2021; Kwon et al. 2023; Liu 2023;
Manfreda et al. 2024; Yadav et al. 2024). Water-mask and morphology extraction
methods demonstrate that river geometry can be inferred from imagery (Moort-
gat et al. 2022; Valman et al. 2024), while river-monitoring studies document the
effects of glare, weak texture, and transient surface patterns (Manfreda et al. 2024).
Recent drone-video velocimetry has advanced multi-scale local–global optical flow,
recurrent feature encoding, lightweight onboard inference, physics-constrained flow
estimation, real-time image-velocimetry systems, and reinforcement-learning-based
feature enhancement (Zhang et al. 2026a,b,c,d,e,f). These studies provide direct evi-
dence that natural river imagery contains scale-dependent motion and texture cues,
but their outputs are surface-velocity measurements rather than navigation actions.
We therefore use them to motivate the visual representation and field-domain analysis,
not as navigation-validation evidence.

Graph search, sampling-based planning, and model predictive control are attrac-
tive because constraints and trajectories remain inspectable (Fan et al. 2022; Song and
Scaramuzza 2022; Tordesillas and How 2022). Their accuracy depends on a reliable
map and obstacle model. In a visually unstable river corridor, uncertainty in shore-
line or obstacle geometry propagates into the planned clearance. We therefore retain
NMPC as a strong geometry-based comparison rather than presenting learned control
only against weak static planners.

2.2 Visual representation and continuous control

Continuous-control reinforcement learning has been used for waypoint following, col-
lision avoidance, and agile flight (AlMahamid and Grolinger 2022; Kaufmann et al.
2023; Penicka et al. 2022; Song et al. 2023; Xu et al. 2025; Yu et al. 2025). Perception-
aware agile flight further couples obstacle sensing to time-critical control (Song et al.
2023). End-to-end visual flight has also been demonstrated with onboard sensing in
cluttered outdoor environments, while open hardware and software platforms make
perception–control and hardware-in-the-loop experiments reproducible (Foehn et al.
2022; Loquercio et al. 2021). Digital-twin and multi-objective formulations further
show how environment uncertainty, mobile targets, energy, and wind can be incorpo-
rated into UAV policy evaluation (Soliman et al. 2023; Wu et al. 2024). DDPG learns
a deterministic actor with an off-policy critic (Lillicrap et al. 2016). TD3 reduces over-
estimation using clipped double-Q targets, target-policy smoothing, and delayed actor
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updates (Fujimoto et al. 2018). SAC provides an entropy-regularised off-policy alter-
native (Haarnoja et al. 2018), whereas PPO is an on-policy clipped-surrogate baseline
(Schulman et al. 2017). These algorithms address optimisation, not the validity of the
observation interface; fair comparison therefore requires identical observations, action
bounds, interaction budgets, and scenario manifests.

Feature pyramids combine deep semantic features with higher-resolution spatial
features and are well suited to objects that occur at markedly different scales (Lin
et al. 2017). Global pooling of each scale produces compact appearance evidence but
cannot preserve exact pixel coordinates. Robust navigation therefore commonly com-
bines complementary sensor or state sources, and dynamic-object pipelines explicitly
separate visual detection from metric tracking (Xu et al. 2024; Zhuang et al. 2023).
Our state design assigns similarly distinct roles to the two streams: RGB/FPN rep-
resents appearance, whereas target direction, local centreline samples, and clearance
rays provide metric control context. Removing one stream does not replace it with a
deterministic projection of the other.

2.3 Adaptive rewards and hybrid safety layers

Reward weights often encode competing objectives such as progress, clearance,
smoothness, and terminal outcome. Meta-gradient reinforcement learning differen-
tiates a validation objective through an inner optimisation step to adapt such
hyperparameters (Agarwal et al. 2019; Xu et al. 2018). Reproducibility requires the
computational graph, stop-gradient boundaries, validation records, and replay con-
tents to be stated explicitly. In particular, a buffer containing only rewards computed
under historical weights is incompatible with retrospective reweighting.

Safety shields and action projections can reduce unsafe behaviour outside the dis-
tribution represented by a learned policy (Brunke et al. 2022; Hsu et al. 2023; Xu
et al. 2025). They can also introduce new failures or reduce task completion. A hybrid
system should therefore record the raw and executed actions and compare the same
frozen checkpoint with and without intervention. We treat the rule layer as a separate
engineering component, not as a formal safety guarantee or an implicit part of policy
learning.

3 Method

3.1 Problem formulation and cybernetic system boundary

The UAV moves in a horizontal river-centred plane at fixed altitude. Its planar position
is pt = [px,t, py,t]

⊤. At control step t, the policy receives a current-view RGB image
It ∈ R

3×224×224 and a structured vector xt ∈ R
35. It outputs forward speed and yaw

rate,

aπt =
[
vt ωt

]⊤
, 0 ≤ vt ≤ vmax, |ωt| ≤ ωmax. (1)

During policy training, aexect = aπt . During the separate rule evaluation, a frozen rule
map produces aexect = S(ht, a

π
t ), where ht is an intervention trigger vector that is not
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part of the actor state. The simulator then advances with a unicycle model,

px,t+1 = px,t +∆t vexect cosψt,

py,t+1 = py,t +∆t vexect sinψt,

ψt+1 = wrap(ψt +∆t ωexec
t ).

(2)

Wind, acceleration dynamics, actuator delay, and sensor latency are excluded from
this planar model. The scope is therefore closed-loop navigation in a procedural
visual environment, not flight-dynamics certification. Figure 1 summarises this system
boundary.

Fig. 1 System boundary. The training path executes the policy action directly and stores unweighted
reward components. The rule layer is activated only in a paired frozen-policy evaluation; both the
policy and executed actions are logged

3.2 Online RGB/FPN representation

The renderer forms It from the current UAV pose, local bank geometry, visible obsta-
cles, and appearance nuisance variables. The goal coordinate, centreline samples,
clearance values, memory flags, and their numeric encodings are not painted as over-
lays or extra channels. RGB normalisation uses ImageNet channel means and standard
deviations. Training perturbations include brightness and contrast changes, specular
patches, haze, partial shadows, motion blur, and small camera-pose jitter; the held-out
manifests specify their ranges independently from the policy state.

Figure 2 shows the visual path. For a 224 × 224 input, a ResNet–50 backbone
produces C2 ∈ R

256×56×56, C3 ∈ R
512×28×28, C4 ∈ R

1024×14×14, and C5 ∈ R
2048×7×7.

Lateral 1 × 1 convolutions and top-down bilinear upsampling form P2 through P5,
each with 256 channels. For l ∈ {2, 3, 4, 5},

ul,t = GAP(Pl,t), ωt = softmax(W2σ(W1[u2,t; . . . ;u5,t] + b1) + b2) , (3)
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and the appearance vector is

ft =
5∑

l=2

ωl,tul,t ∈ R
256,

5∑

l=2

ωl,t = 1. (4)

HereW1 ∈ R
128×1024 andW2 ∈ R

4×128; the final attention bias is initialised to zero so
the four scales begin uniformly. The backbone and pyramid are evaluated inside the
policy computation graph. During critic updates, the sampled visual latent is detached
from the encoder; during actor updates, the action gradient updates both the actor
head and visual encoder. The ImageNet-initialised backbone uses a learning rate one
tenth of the actor-head rate. Target features are produced by the corresponding slowly
updated target encoder. This avoids a fixed random or geometry-derived surrogate
while preventing a critic step from changing the policy representation through two
competing optimisers.

Fig. 2 Policy-state construction. Multi-scale RGB features provide appearance evidence; separately
computed relative kinematics, target/progress, centreline, ray-clearance, and memory variables pro-
vide exact metric context

3.3 Structured state and leakage-resistant ablations

All structured quantities are expressed in a UAV-centred frame and normalised
by sensing radius Rs, speed limit vmax, or their stated physical bounds. The
six-dimensional relative-kinematic block is

qt = [vx,t/vmax, vy,t/vmax, sinψt, cosψt, v̇t/amax, ω̇t/αmax]
⊤ ∈ R

6, (5)

where translational and angular accelerations use separate physical limits. This block
contains no target, centreline, clearance, event, or historical reference variable. The
target/progress block is

grelt =

[
∆xgt
Rs

,
∆ygt
Rs

, clip

(
ρt
Rs

, 0, 1

)]⊤
∈ R

3, (6)
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where ρt is remaining centreline arc length. Five forward centreline samples form

ct =

[
∆xc1,t
Rs

,
∆yc1,t
Rs

, . . . ,
∆xc5,t
Rs

,
∆yc5,t
Rs

]⊤
∈ R

10. (7)

Clearance is obtained by ray casting in eight body-frame directions. If ℓj,t is the
first intersection distance with a bank or obstacle along ray j, then

dt =

[
clip

(
ℓj,t
Rs

, 0, 1

)]7

j=0

∈ R
8. (8)

The memory block contains only the most recent unoccluded pose and motion record,

mt = [∆xmt /Rs,∆y
m
t /Rs, sin∆ψ

m
t , cos∆ψ

m
t , v

m
t /vmax, ω

m
t /ωmax, τ̃

m
t , χ

m
t ]⊤ ∈ R

8,
(9)

where τ̃mt is the clipped age of the record and χmt is its visibility confidence. Bifurca-
tion, termination, occlusion, and aggregation triggers are excluded from the actor state
and are logged only during the separate rule evaluation. The actor state is therefore

st = [ft; qt; g
rel
t ; ct; dt;mt] ∈ R

291. (10)

Each confirmatory structured-state ablation preserves the 291-dimensional inter-
face. Removing target, centreline, clearance, or memory replaces only that named
block with zeros before concatenation. The remaining blocks contain no deterministic
copy or descendant of the removed source: in particular, kinematics excludes cross-
track error, memory excludes current event flags, and rule triggers are never exposed
to the actor. RGB/FPN forward, gradient, and optimiser-update gates are evaluated
separately and are not used as substitutes for the structured-state ablation. No state
condition introduces a projection of the omitted simulator variable into another block.

3.4 TD3 learning core

The main deterministic controller follows TD3 (Fujimoto et al. 2018). The actor
parameters θ include the online visual encoder and actor head; ϕ1, ϕ2 denote the two
critics. Replay stores raw observations and reward components,

D ∋ (It, xt, a
π
t , rt, It+1, xt+1, zt), rt ∈ [−1, 1]6, (11)

where zt = 1 at terminal transitions. Consequently, current weights can be applied to
every historical transition. For target-policy noise ϵ ∼ clip(N (0, σ2),−c, c),

a′t+1 = clip(µθ̄(st+1) + ϵ, amin, amax) , (12)

yt(λ) = λ⊤rt + γ(1− zt) min
i∈{1,2}

Qϕ̄i
(st+1, a

′
t+1), (13)
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and each critic minimises

LQi
(ϕi;λ) = ED

[
(Qϕi

(st, a
π
t )− yt(λ))

2
]
. (14)

The actor is updated every two critic steps using the minimisation loss

Lµ(θ) = −Est∼D [Qϕ1
(st, µθ(st))] . (15)

Target parameters use Polyak averaging, θ̄ ← τθ + (1 − τ)θ̄, and likewise for both
critics.

3.5 Dimensionless reward components

All reward components are bounded before weighting. Let ∆ρt = ρt − ρt+1, ℓ
min
t be

the minimum obstacle or bank clearance, δsafe the desired clearance, and zt = 1 at a
terminal transition. We define

rprogt = clip

(
∆ρt

vmax∆t
,−1, 1

)
,

rsafet = − clip

(
δsafe − ℓ

min
t

δsafe
, 0, 1

)
,

rtermt = ⊮goal − ⊮collision or boundary,

rsmooth
t = −

1

2

[
clip

(
|vt − vt−1|

vmax
, 0, 1

)
+ clip

(
|ωt − ωt−1|

ωmax
, 0, 1

)]
,

rheadt = cos(ψt − ψ
c
t ),

rstept = −(1− zt).

(16)

The step component is therefore a per-transition time penalty that vanishes on
terminal records. Speed change and yaw-rate change are normalised separately, so
different physical units are not mixed through a common maximum. With rt =
[rprogt , rsafet , rtermt , rsmooth

t , rheadt , rstept ]⊤, matching the labels and order in Fig. 8, the
scalar reward is

Rλ,t = λ⊤rt, λ ≥ 0, 1⊤λ = 1. (17)

3.6 Complete meta-gradient computational graph

The outer objective is a smooth one-step control objective, not discrete success rate.
A validation record contains st, pt, ψt, gt, p̄t, nt, wt,Ot, at−1, where gt is the absolute
goal position associated with the relative block grelt , p̄t, nt, and wt are the nearest
centreline point, normal, and local half-width, and Ot = {ok,t}

Kt

k=1 contains the local
circular obstacles with ok,t = (ock,t, o

r
k,t). The virtual action is

ãt = µθ+(λ)(st) = [ṽt, ω̃t]
⊤. (18)
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It enters explicit differentiable one-step kinematics,

p̂t+1 = pt +∆t ṽt[cosψt, sinψt]
⊤, ψ̂t+1 = wrap(ψt +∆t ω̃t). (19)

The local cross-track proxy is êt+1 = n⊤t (p̂t+1− p̄t). Obstacle clearance uses a smooth
minimum when Kt > 0,

d̂obst+1 = −ξ log
∑

k

exp

[
−
∥p̂t+1 − o

c
k,t∥2 − o

r
k,t

ξ

]
. (20)

and is defined as d̂obst+1 = Rs when Kt = 0. Thus the obstacle term remains finite and
contributes a negligible penalty in an obstacle-free neighbourhood. The validation loss
is

Lval = κg
∥p̂t+1 − gt∥

2
2

R2
s

+ κc
ê2t+1

w2
t

+ κo softplus

(
δsafe − d̂

obs
t+1

ξ

)2

+
κu
2

[(
ṽt − vt−1

vmax

)2

+

(
ω̃t − ωt−1

ωmax

)2
]
.

(21)

The constants are fixed to (κg, κc, κo, κu) = (1.0, 1.0, 2.0, 0.1), with smooth-min
temperature ξ = 0.25 m, and are identical across seeds.

For training mini-batch Btr, both virtual critics take one differentiable step,

ϕ+i (λ) = ϕi − αQ∇ϕi
LQi

(ϕi;λ), i ∈ {1, 2}, (22)

followed by one virtual actor step,

θ+(λ) = θ − αµ∇θ
[
−Es∈Btr

Qϕ+

1
(λ)(s, µθ(s))

]
. (23)

The hypergradient is

∇λLval =

(
∂θ+

∂λ

)⊤

∇θ+Lval. (24)

Thus the full differentiable path is

λ→ yt(λ)→ ϕ+1:2(λ)→ θ+(λ)→ ãt → (p̂t+1, ψ̂t+1)→ Lval. (25)

The virtual actor step includes both the RGB encoder and the action head; its back-
bone parameter group uses the same one-tenth learning-rate ratio as the actual actor
update. The inner graph is retained through Eqs. (22)–(23). Replay indices, recorded
observations, target-network outputs, and local validation geometry use stop-gradient.
No gradient passes through sampled replay transitions or the simulator. Off-policy
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dependence enters only through the sampled training records and current differentiable
network updates. The weights are updated by

λ← Π∆5(bt)(λ− β∇λLval) , bt = [0, 0.35ηt, 0, 0, 0, 0]
⊤,

∆5(bt) = {u ∈ R
6 : u ≥ bt,1

⊤u = 1}.
(26)

Here ηt changes irreversibly from zero to one after the first registered validation safety
violation. This explains why the five-seed mean in Fig. 8 approaches 0.35 as different
seeds activate the floor at different meta-updates. Projection subtracts the unique
threshold ν satisfying

∑
imax(yi − bi,t − ν, 0) = 1 − 1⊤bt, and returns λi = bi,t +

max(yi−bi,t−ν, 0). The 0.35 value is therefore a conditional lower bound on the safety
reward weight, not an artificial-potential-field action constraint. Figure 3 makes the
retained and stopped paths explicit.

λ

reward weights
yt(λ)

weighted TD target
ϕ+
1:2

(λ)
virtual critics

θ+(λ)
virtual actor

ãt
validation action

p̂t+1, ψ̂t+1

kinematic proxy
Lval

smooth outer loss
reverse‑mode
hypergradient

target networks
θ̄, ϕ̄1, ϕ̄2

training replay
It, xt, a

π
t , rt, It+1, xt+1, zt

validation record
st, pt, ψt, gt, p̄t, nt, ok,t, at−1

Recorded samples and target outputs are stop‑gradient; the one‑step virtual‑update graph is retained.

Fig. 3 Meta-gradient computational graph. Purple arrows are differentiated; dashed arrows provide
fixed records or target values. The validation action affects the outer loss through explicit kinematics
and analytic local geometry

3.7 Training algorithm and validation cache

The reported state, reward, and rule experiments use 256 validation records per seed
and a meta-validation batch of 64. These values are the ones recorded by the submitted
run logs and are used for Table 7. The fixed-validation condition constructs one seed-
specific 256-record cache from the frozen validation manifest and traverses it without
replacement in 64-record batches, reshuffling only after all records have been used.
The refreshed-validation condition regenerates all 256 records from the same disjoint
manifest immediately before each meta-update and then samples 64 records without
replacement. Neither condition uses training or test scenarios for the outer objective.
Meta-updates occur every Kmeta = 50 actor updates, use β = 10−3, and clip the

10



reward-weight gradient norm at 5. The weight vector, hypergradient norm, validation
loss, sampled validation identifiers, and active lower-bound coordinates are logged at
every update. The accompanying confirmatory configuration uses the same 64/256/50
values.

Step 1: Render the current RGB frame, compute the structured state, and form st
with the online FPN.

Step 2: Sample exploration noise, execute aπt directly, and compute the six bounded
reward components.

Step 3: Store the raw current and next observations, policy action, reward-
component vector, and terminal flag in replay.

Step 4: Sample replay, reconstruct Rλ,t, and update both critics; update the actor
and target networks on the delayed TD3 schedule.

Step 5: At the meta schedule, form virtual critic and actor steps, evaluate Eq. (21)
on the disjoint validation batch, project Eq. (26), and write the complete
reward-weight log.

3.8 Intervention layer

Four deterministic rules address bifurcation, detected termination, severe occlusion,
and obstacle aggregation. Their trigger vector ht is computed from current metric
geometry with frozen thresholds, is logged separately, and is unavailable to the trained
actor. The rules have no access to test labels. Bifurcation selects the branch whose
forward tangent minimises target-heading error. Termination commands a monotonic
braking action,

vexect = max
(
0,min(vπt , vcap, v

exec
t−1 − abrake∆t)

)
,

ωexec
t = clip(kψ∆ψ

m
t ,−ωmax, ωmax),

(27)

where vcap = 3 m s−1 and the memory-heading error ∆ψmt is recovered with atan2
from the stored sine and cosine pair in Eq. (9). The nested minimum makes the cap
non-accelerating when the previous executed speed is already below it. Severe occlusion
applies the same memory heading and speed cap. Aggregation blends the policy yaw
rate with a bounded artificial-potential-field correction,

ωexec
t = (1− αAPF)ω

π
t + αAPFω

APF
t , 0 ≤ αAPF ≤ 1. (28)

Here αAPF is a fixed action-blending coefficient, not an adaptive reward weight. This
notation removes any ambiguity with λ. The rule log records trigger identity, duration,
aπt , a

exec
t , and the resulting event.

4 Experimental protocol and results

This section presents the experimental design and its corresponding results as one
continuous evidence chain. The frozen splits, controller interfaces, ablations, metrics,
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and provenance rules are defined first; the numerical, geometry-control, and river-event
results then follow under those same definitions.

4.1 Procedural RGB benchmark and frozen splits

The benchmark generates river centreline splines, variable-width banks, obstacles, and
current-view RGB observations. Scenario parameters include width, curvature, obsta-
cle density and motion, occlusion length, bifurcation geometry, termination geometry,
and appearance nuisance. Ten mutually exclusive strata cover nominal bends, narrow
reaches, high curvature, sparse static obstacles, dense static obstacles, dynamic obsta-
cles, bifurcations, terminations, occlusions, and mixed conditions. Table 1 reports the
frozen allocation used throughout the evidence chain.

Table 1 Frozen scenario allocation. Every row is balanced over the ten strata

Partition Scenarios Scenarios per stratum Permitted use

Training 600 60
environment

interaction and replay

Validation 120 12
hyperparameters,
checkpoints, and
meta-objective

Test 300 30
final navigation
comparison

Rule evaluation 200 20
paired frozen-policy
intervention analysis

Each manifest stores the scenario identifier, generator seed, centreline control
points, width profile, obstacles, appearance parameters, and renderer version. The
partitions are generated once and reused across algorithms. No test or intervention-
evaluation scenario is used for reward adaptation, early stopping, or threshold
selection.

4.2 Controllers and registered comparison tracks

The confirmatory state, reward, and rule experiments use the TD3 core under five
paired seeds {11, 22, 33, 44, 55}. Each run contains 120 training episodes, at most 100
steps per episode, 300 initial exploration steps, a replay capacity of 105, and a replay
batch size of 64. The actor and critics use two hidden layers of 64 units. Consistent
with Section 3, each meta-update uses 64 records from a 256-record validation cache
and is applied every 50 actor updates unless varied in the sensitivity analysis. Fixed
validation retains the same seed-specific cache while traversing its records without
replacement; refreshed validation reconstructs the full cache before every meta-update.
Table 7 uses exactly this 64/256/50 protocol. Training units are reported as episodes
and recorded environment steps; neither is called an epoch. The same 200-scenario
manifest is evaluated for every seed and condition. Termination-containing scenes are
analysed through safe stopping, leaving 160 general-navigation cases per seed and 800
cases per condition.
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DDPG and TD3 form the learned-controller comparison in the river-event bench-
mark2.

NMPC receives the same pose, local bank geometry, obstacles, action limits, and
kinematic model, but not RGB. At every control step it minimises the nonlinear centre-
line, soft-clearance, progress, and action-variation cost over a 12-step unicycle rollout
with bounded L-BFGS-B optimisation, executes the first speed–yaw command, and
replans. Its progress coefficient is selected on the validation manifest from {1.5, 2.5, 4.0}
before the test manifest is evaluated. The simple rule controller follows the nearest
forward centreline tangent, reduces speed as clearance decreases, and applies bounded
proportional yaw control. These input differences are reported because an optimisa-
tion controller consumes explicit model geometry rather than an image latent. The
principal comparison therefore separates learning-algorithm effects from information-
interface effects. Table 2 identifies every controller for which frozen outcome records
are supplied.

Table 2 Controllers with frozen outcome records in the submitted evidence bundle

Controller Learning family
Observation or model

input
Evidence role

DDPG
off-policy

deterministic
visual–geometric

policy state
river-event
comparison

TD3
off-policy

deterministic
visual–geometric

policy state

state, reward, rule,
and river-event
experiments

NMPC
receding-horizon
optimisation

pose + local metric
geometry

with/without
compatible caps

Rule controller
deterministic

heuristic
pose + centreline +

rays
intrinsic; no learned

policy

4.3 Representation boundary, state, reward, and rule ablations

The controlled comparison design is shown in Table 3. In addition to implemen-
tation checks for image shape, finite features, gradient propagation, and parameter
updates, the vision-plus-kinematics condition supplies outcome-level evidence for the
RGB/FPN policy stream by removing all target, centreline, clearance, and memory
blocks. Confirmatory state ablations retain the same visual interface and replace only
a named structured block with zeros, preserving the 291-dimensional input width.
Reward ablations keep the state fixed and compare adaptive weights with fixed weights
and a projection-matched zero-hypergradient control. Rule ablations use the same
frozen checkpoint and identical scenarios, so policy and intervention effects remain
distinct.

4.4 Metrics, statistics, and computation records

Primary navigation outcomes are success, collision, safety-boundary violation, time-
out, and safe stop. Continuous outcomes are path length, elapsed control time,
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Table 3 Controlled ablations and the mechanism isolated by each comparison

Family Conditions Isolated question

Vision evidence
RGB/FPN gates; vision plus

kinematics

executable perception and
navigation with explicit

geometry removed

Structured state
no target; no centreline; no

clearance; no memory
marginal value of each named

block

Reward
fixed; zero-hypergradient

projection; fixed/refreshed-
validation meta-gradient

hypergradient effect under
identical replay and
projection semantics

Rules none; each single rule; all rules
intervention safety and

efficiency

Geometry control
validation-selected NMPC;

simple rule controller
model-based versus heuristic

control on paired cases

Scenario scope
individual strata; mixed

conditions
direct-match and

compositional behaviour

minimum clearance, cross-track error, normalised action variation, energy proxy, and
inference latency. The energy proxy is defined as

Enorm =
1

T

T∑

t=1

[(
vt
vmax

)2

+ χ

(
ωt
ωmax

)2
]
, (29)

with fixed χ reported in the configuration. Latency is measured for a batch of one after
warm-up and reports the median, 95th percentile, hardware, software versions, and
whether rendering is included. In the intervention evaluation, vt and ωt in Eq. (29)
denote the executed commands; otherwise, they equal the directly executed policy
commands.

Each controlled TD3 condition is evaluated on the same test scenarios for each of
the five seeds. Pooled binary rates use Wilson 95% confidence intervals. State-, reward-
, and rule-family comparisons use two-sided paired tests on seed-level rates with Holm
correction and paired standardised effects. The 300-case geometry-controller compari-
son uses paired case resampling, exact McNemar tests for binary outcomes, and paired
Wilcoxon tests for continuous outcomes. Raw counts accompany percentages, includ-
ing bifurcation and termination subsets. The choice of statistical unit therefore follows
the actual randomisation unit of each protocol rather than applying one resampling
model to unrelated experiments.

Rule effects use a four-cell paired event table: collision under both modes, colli-
sion only without rules (avoided collision), collision only with rules (new collision),
and collision under neither. We additionally report intervention frequency, fraction
of episode time under intervention, mean ∥ãexect − ãπt ∥2, and task-completion change,
where ã = [v/vmax, ω/ωmax]

⊤. Dynamic-aggregation collision rate is reported with its
subset denominator and is not compared directly with the four-stratum mean.

The meta-gradient implementation is checked at 20 randomly selected parameter
states and validation batches. For each reward coordinate, the reverse-mode derivative
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from Eq. (24) is compared with central finite differences across multiple step sizes. The
records include absolute error, relative component error, cosine similarity, retained-
graph setting, gradient clipping, and wall-clock overhead. Reward-weight trajectories
are preserved for every seed; per-scene summaries use only test-scene inference logs
and do not update λ.

4.5 Field-image domain and provenance analysis

The field archive associated with the cited river-observation dataset (Zhang 2025)
is used only for a bounded domain analysis. The analysis reports all decodable still
images and video assets that satisfy stated provenance filters; it does not select a small
undocumented representative subset. File manifest, site identifier, acquisition time,
image size, EXIF/SRT availability, duplicate hash, and decoding status are recorded.
Appearance measures such as saturation, specular fraction, blur, and edge energy are
defined by executable code and reported by site and sequence.

No manually drawn, manually corrected, or retrospectively generated reference
mask is supplied to a navigation policy. The field archive is used to characterise
appearance variability rather than for closed-loop navigation evaluation. A future
field deployment would additionally require online estimates of centreline geometry,
obstacle clearance, and perception uncertainty.

The read-only manifest contains 615 assets: 613 decodable JPEG images and two
MP4 videos. All 613 still images include GPS metadata, and the archive is organised
into nine directory-level site units. Figure 4 shows the seven named reaches used to
illustrate appearance variation. The panels include wide and turbid channels, specular
glare, sediment margins, bridge crossings, ice or snow, and shoreline transitions; they
are examples of the complete archive rather than a reduced navigation test set. The
complete file-level counts are reported in Table 4.

(a) Heihe Bridge, Gansu

wide channel

(b) Wujiang Bridge, Gansu

turbid water

(c) Gaoya, Gansu

specular glare

(d) Banqiao, Gansu

sediment margin

(e) Babao River, Qinghai

bridge crossing

(f) East Juyan Lake, Inner Mongolia

ice and snow

(g) Dongmen Bridge, Inner Mongolia

shoreline transition

Fig. 4 Representative images from the field-archive provenance analysis: (a) Heihe Bridge, Gansu;
(b) Wujiang Bridge, Gansu; (c) Gaoya, Gansu; (d) Banqiao, Gansu; (e) Babao River, Qinghai; (f)
East Juyan Lake, Inner Mongolia; and (g) Dongmen Bridge, Inner Mongolia. The figure documents
appearance diversity only; none of the displayed images supplies a manual navigation mask
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Table 4 File-level field-archive summary. Counts are obtained from the complete read-only
manifest rather than from a manually selected subset

Archive unit JPEG images Videos
Dominant
appearance

represented in Fig. 4

Heihe 208 0
wide channel and
exposed margins

Wujiang 92 0
turbidity and local

glare

Gaoya / Banqiao 162 0
specular water and
sediment boundary

Babao 8 1
bridge crossing and
mixed bank texture

East Juyan Lake /
Dongmen

98 0
ice, snow, and

shoreline transition

Other archived units 45 1
unassigned stills and

Yinghe video

Total 613 2
nine directory-level

units

4.6 RGB/FPN navigation evidence

The submitted implementation uses the ResNet–50–FPN path in Section 3 and verifies
image shape, feature width, finite forward values, gradient propagation, frozen and
unfrozen backbone modes, and optimiser updates through automated tests. Outcome-
level evidence comes from the confirmatory vision-plus-kinematics condition in Table 5:
target, centreline, clearance, and memory blocks are all zeroed, yet the controller
completes 672/800 cases (84.0%). Because the remaining six-dimensional kinematic
block contains no target, centreline, clearance, event, or historical reference variable,
this result supports the conclusion that the trained policy uses information carried by
the RGB/FPN representation rather than a privileged geometric surrogate. The multi-
scale FPN is the visual encoder used throughout the reported navigation experiments,
so the efficacy result applies directly to that encoder. Taken together with the end-
to-end gradient and optimiser-update checks, the 84.0% completion result establishes
the FPN-encoded RGB stream as a performance-bearing component of the navigation
policy rather than a passive implementation detail.

4.7 Fixed-width, leakage-resistant state ablation

Every state condition retains the 291-dimensional input in Eq. (10); the selected struc-
tured block is replaced by zeros and no descendant or substitute is inserted elsewhere.
Table 5 and Fig. 5 report five paired seeds and 800 general-navigation cases per con-
dition. The full state completed 690 cases (86.25%). Removing memory produced the
largest observed decrease, to 656 cases (82.00%), followed by the vision–kinematics
condition, which omits all four explicit geometry and memory blocks, at 672 cases
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(84.00%). These are observed decreases rather than statistically established contribu-
tions because every Holm-adjusted comparison has pH = 1.000. The no-target and
no-centreline conditions produced slightly higher pooled point estimates than the full
state, so the full state is not described as the highest-success state.

Table 5 Fixed-width structured-state ablation over five paired seeds. Differences are relative to
the full state; dz and pH are the paired effect and Holm-adjusted success-rate test

Condition Success / 800
Collision /

800
∆ success

(pp)
dz pH

Full state 690 (86.25%) 109 (13.63%) reference – –

No target 697 (87.13%) 101 (12.63%) +0.88 0.226 1.000

No centreline 694 (86.75%) 102 (12.75%) +0.50 0.149 1.000

No clearance 678 (84.75%) 91 (11.38%) -1.50 -0.312 1.000

No memory 656 (82.00%) 102 (12.75%) -4.25 -0.426 1.000

No explicit
geometry

682 (85.25%) 118 (14.75%) -1.00 -0.385 1.000

Vision +
kinematics

672 (84.00%) 103 (12.88%) -2.25 -0.237 1.000

0.70 0.75 0.80 0.85 0.90 0.95
Navigation success rate

no target

no centreline

full

no explicit geometry

no clearance

vision kinematics

no memory

0.00 0.05 0.10 0.15 0.20
Collision rate

Fig. 5 Fixed-width structured-state ablation. Bars show seed-level mean navigation success and
collision rates; error bars are 95% t-intervals, while pooled counts and paired statistics are reported
in Table 5

The preceding protocol fixes every comparison before test evaluation. The following
subsections report the numerical meta-gradient verification, reward controls, paired
controller outcomes, and river-specific scenario results under these definitions.

4.8 Numerical verification of the meta-gradient graph

The complete computational graph in Eq. (25) was evaluated at 20 independently
initialised parameter states and validation batches. For each state, reverse-mode auto-
matic differentiation was compared with a central finite-difference estimate of the
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six-dimensional outer gradient at three step sizes. Table 6 reports vector-level agree-
ment. The 10−4 finite-difference step gave a median relative error of 3.45× 10−7 and
a maximum of 3.10 × 10−6. The maximum error across all 60 state–step-size trials
was 4.17 × 10−4, observed at the smallest step where floating-point cancellation is
strongest. Cosine similarity remained above 0.99999991 throughout.

Table 6 Central finite-difference verification of the implemented meta-gradient. Each row contains
20 independently initialised computational graphs and 120 component-wise comparisons

Step size
Median vector
relative error

Maximum vector
relative error

Minimum cosine
similarity

10−4 3.45× 10−7 3.10× 10−6 0.999999999996

10−5 2.82× 10−6 7.84× 10−5 0.999999997206

10−6 3.58× 10−5 4.17× 10−4 0.999999913832

Figure 6 additionally checks graph connectivity rather than numerical agreement
alone. Across the 20 trials, the norms along the five required paths were strictly
positive: reward-weight to TD target 0.995–6.025, reward-weight to virtual critics
9.81 × 10−3–1.08 × 10−1, reward-weight to virtual actor 4.31 × 10−6–9.63 × 10−5,
reward-weight to validation action 1.60× 10−5–3.37× 10−4, and the final outer gradi-
ent 3.68 × 10−7–2.89 × 10−5. These checks establish that the stored reward vector is
reweighted inside the TD target and that the resulting derivative reaches the validation
action through the virtual critic and actor updates.
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Fig. 6 Numerical and structural verification of the meta-gradient implementation. (a) Vector relative
error between reverse-mode and central finite-difference gradients at three step sizes. (b) One minus
their cosine similarity. (c) Non-zero derivative norms along every required segment of the reward–
critic–actor–validation path. Boxes show the interquartile range with the median; points in panel (c)
are the 20 independently initialised trials

4.9 Reward recomputation controls and weight trajectories

All four reward conditions store the same six-component vector in replay and form
the scalar reward only after sampling. In the component order of Eq. (16), the
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fixed condition uses [0.25, 0.20, 0.25, 0.10, 0.10, 0.10] and does not apply the condi-
tional projection. The zero-hypergradient control applies the same safety-triggered
lower-bounded simplex projection as the adaptive conditions but detaches the outer
derivative. The remaining conditions use the complete computational graph with either
the fixed or refreshed 256-record validation cache defined above. This projection-
matched control distinguishes a hypergradient effect from a weight change caused by
the conditional safety floor alone.

Table 7 and Fig. 7 show the five-seed outcomes. Both the zero-hypergradient
control and refreshed-validation meta-gradient completed 702/800 cases (87.75%),
compared with 665/800 (83.13%) for fixed weights. The fixed-validation graph com-
pleted 690/800 cases (86.25%). Relative to fixed weights, the refreshed-validation
graph increased the mean paired success rate by 4.63 percentage points (dz = 1.254)
and reduced the collision rate by 4.00 points (dz = −1.326). However, refreshed vali-
dation was identical to the zero-hypergradient control in pooled completion (difference
0.00 percentage points; Holm-adjusted p = 1.000), and fixed validation was 1.50 points
lower (Holm-adjusted p = 0.609). The reported data therefore support a benefit of
projected reward reconfiguration relative to fixed weights, not an additional efficacy
claim for the hypergradient itself.

Table 7 Reward controls over five paired seeds and 800 general-navigation cases per condition. pH
refers to the paired success-rate comparison with fixed weights

Condition Success / 800
Collision /

800
∆ success

(pp)
dz pH

Fixed
weights

665 (83.13%) 130 (16.25%) reference – –

Zero hyper-
gradient +
projection

702 (87.75%) 98 (12.25%) +4.63 0.969 0.192

Meta-
gradient,
fixed

validation

690 (86.25%) 109 (13.63%) +3.13 0.758 0.192

Meta-
gradient,
refreshed
validation

702 (87.75%) 98 (12.25%) +4.63 1.254 0.146

The saved weight traces provide an implementation-level record independent of
outcome attribution (Fig. 8). Under fixed validation, the final mean safety weight
was 0.35085 ± 0.00170, and the remaining mass was redistributed among progress,
terminal, smoothness, heading, and step components. Because the zero-hypergradient
projection control also reaches the 0.35 safety floor, a changing trace is interpreted
together with, rather than instead of, the projection-matched outcome comparison.
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Fig. 7 Navigation success and collision rates for reward-recomputation controls. Bars are five-seed
means and error bars are seed-level 95% t-intervals; exact pooled counts and paired tests are reported
in Table 7
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Fig. 8 Five-seed reward-weight trajectory for the fixed-validation meta-gradient condition. The
legend follows Eq. (16): progress, safety, terminal, smoothness, heading, and step. Lines are means
and shaded bands are 95% t-intervals. Seed-specific safety-trigger activation causes the mean safety
weight to approach its 0.35 floor while the other components share the remaining simplex mass

4.10 Paired geometry-controller benchmark

The geometry-only benchmark isolates control optimisation from RGB representation
learning. The NMPC progress weight was selected on the 120-scenario validation man-
ifest from the fixed set {1.5, 2.5, 4.0}; all three candidates produced zero validation
collisions, and weight 4.0 yielded the highest validation task completion. The selected
configuration was then frozen and evaluated once on the 300-scenario test manifest.
It optimised a bounded, piecewise-constant speed–yaw command over a 12-step non-
linear rollout at every control step and executed only the first command. The simple
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controller used the same pose, centreline and ray-clearance geometry but no predictive
optimisation.

Table 8 reports raw counts and case-bootstrap intervals. NMPC completed 236/300
tasks (78.7%, 95% CI 74.0–83.3%) without a collision or bank-boundary exit. The
rule controller completed 196/300 tasks (65.3%, 95% CI 60.0–70.7%) and collided in
104/300 cases (34.7%, 95% CI 29.3–40.0%). On the paired manifest, the NMPC com-
pletion advantage was 13.33 percentage points (95% paired-bootstrap CI 7.00–19.33;
exact McNemar, Holm-adjusted p = 4.50 × 10−5). All 104 collisions occurred only
under rule control; the corresponding paired collision difference was −34.67 percentage
points (95% CI −40.33 to −29.33; Holm-adjusted p = 1.97× 10−31).

Table 8 Outcomes on 300 frozen test scenarios. Task completion comprises goal arrival or a valid
safe stop. Percentages are followed by raw counts; brackets contain case-bootstrap 95% confidence
intervals

Controller Goal arrival Safe stop
Task

completion
Collision Timeout

NMPC 64.7% (194) 14.0% (42)
78.7% (236)
[74.0, 83.3]

0.0% (0) [0.0,
0.0]

21.3% (64)

Rule
controller

52.0% (156) 13.3% (40)
65.3% (196)
[60.0, 70.7]

34.7% (104)
[29.3, 40.0]

0.0% (0)

Completion Collision
0.0

0.2

0.4

0.6

0.8

R
at

e

a

NMPC
Rule controller

NMPC Rule

0

1

2

3

4

5

M
in

im
um

 o
bs

ta
cl

e 
cl

ea
ra

nc
e 

(m
)

b

NMPC Rule

0

1

2

3

4

C
en

tre
lin

e 
de

vi
at

io
n 

(m
)

c

NMPC Rule
0

20

40

60

80

Lo
op

 la
te

nc
y 

(m
s 

st
ep

−1
)

d

Fig. 9 Paired geometry-controller benchmark over 300 frozen test scenarios. (a) Task-completion
and collision rates with case-bootstrap 95% confidence intervals. (b–d) Distributions of minimum
obstacle clearance, mean centreline deviation, and mean closed-loop latency. Horizontal bars denote
medians; points are a fixed random subset of 70 cases per controller for legibility

The safety gain involved explicit trade-offs (Figure 9 and Table 9). NMPC increased
mean minimum obstacle clearance by 2.24 m and reduced mean action change by 0.161
in normalised action space, but allowed larger centreline deviations and required an
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additional 28.4 ms per closed-loop step. The reported loop timing includes controller
selection, dynamics, and 224-by-224 RGB rendering on the same machine. The opti-
miser returned its convergence flag on 80.4% of control steps, with a mean of 4.87
iterations; otherwise, a finite lower-cost bounded iterate was used. This fallback never
bypassed action bounds or collision checks.

Table 9 Continuous paired outcomes on the 300-scenario geometry benchmark. Values are means;
differences are NMPC minus rule controller with paired-bootstrap 95% confidence intervals

Metric NMPC Rule controller
Paired difference

[95% CI]

Minimum obstacle
clearance (m)

2.822 0.580
+2.242 [2.081,

2.402]

Centreline
deviation (m)

1.248 0.141
+1.107 [0.989,

1.228]

Action change
(normalised L2)

0.081 0.243
−0.161 [−0.174,

−0.149]

Loop latency (ms
step−1)

32.923 4.518
+28.405 [27.323,

29.529]

4.11 Matched-checkpoint attribution of rule intervention

The rule evaluation applies the intervention map to one frozen TD3 checkpoint and
stores both aπt and aexect at every step. Table 10 therefore separates ordinary goal-
reaching success, collision, termination-safe stopping, and the fraction of time for
which the executed action differs from the learned action. Activating all rules reduced
general-navigation collisions from 109 to 95, a decrease of 14, and safely stopped
163/200 termination cases, while ordinary goal-reaching success decreased from 690
to 589. The paired success-rate change was −12.63 percentage points (dz = −4.149,
Holm-adjusted p = 0.00318). On the same 800 general-navigation pairs, 58 collisions
were avoided and 44 new collisions were introduced, giving the same net decrease of
14. The previously quoted 69/56 counts included termination-containing cases and are
not combined with the 800-case table. These counts show why the intervention cannot
be credited silently to the learned policy or summarised by collision rate alone.

Figure 10 visualises the paired safety–efficiency relation while Table 10 retains the
complete outcome accounting.

The threshold analysis varies each of five parameters by ±10% and ±20% around
its nominal value (Fig. 11). Cluster distance is the dominant sensitivity: mean success
changes from 80.42% at 0.8× nominal to 70.63% at 1.2× nominal. Branch-start frac-
tion and occlusion yaw gain change the mean by less than one percentage point over
the same range. This experiment identifies the cluster trigger as the principal calibra-
tion variable and motivates retaining threshold values and intervention traces in the
reproducibility bundle.
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Table 10 Rule attribution using one matched TD3 checkpoint. General-navigation outcomes use
800 cases; safe stops use 200 termination cases

Condition Success / 800 Collision / 800 Safe stop / 200
Intervention

steps

No rules 690 (86.25%) 109 (13.63%) 0 (0.0%) 0.00%

All rules 589 (73.63%) 95 (11.88%) 163 (81.5%) 34.47%

All except
branch

596 (74.50%) 88 (11.00%) 163 (81.5%) 31.23%

All except
cluster

690 (86.25%) 109 (13.63%) 161 (80.5%) 27.21%

All except
occlusion

585 (73.13%) 101 (12.63%) 166 (83.0%) 29.80%

All except
termination

589 (73.63%) 95 (11.88%) 0 (0.0%) 23.22%
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Fig. 10 Safety–efficiency trade-off under matched TD3 checkpoints. Moving left indicates fewer
collisions and moving upward indicates more ordinary goal-reaching successes; the separate safe-stop
column in Table 10 completes the intervention account

4.12 River-specific scenario mechanisms

The general geometry benchmark above measures controller behaviour across ten
balanced strata. A second, independently frozen special-scenario benchmark concen-
trates on four river events that require memory or explicit intervention: bifurcation,
apparent termination, severe occlusion, and obstacle aggregation. The two protocols
are reported separately because their scene distributions and controller sets dif-
fer. The complete learned configuration is denoted Hybrid TD3 throughout because
its optimisation core uses twin critics, delayed policy updates, and target-policy
smoothing.

At a bifurcation, the rule layer stores the forward centreline candidates and their
relative coordinates in its intervention record. This record is separate from the actor
memory block mt. The branch whose tangent best agrees with the mission target is
selected, with estimated width used as a tie-breaker; unselected candidates remain
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Fig. 11 Five-seed threshold sensitivity for the rule layer. Points are means and shaded bands are
95% t-intervals; dashed vertical lines mark nominal settings

memory nodes

(a) Wide main branch

memory nodes

(b) Braided fork

memory nodes

(c) Island split

Fig. 12 Bifurcation mechanism for three representative geometries. The intervention record retains
candidate centrelines and branch nodes in metric coordinates; target alignment selects the active
branch and width resolves near-ties

available to the rule layer for recovery after a dead end. Figure 12 illustrates the
wide-main-branch, braided-fork, and island-split geometries represented by this rule.

Termination is declared only when visible river extent drops by more than 20% rel-
ative to the last unoccluded estimate for the frozen persistence window. Equation (27)
applies monotonic braking, so a nominal 3 m s−1 monitoring value is a speed cap rather
than a command that could accelerate an already slow vehicle. If the river reappears,
normal tracking resumes; otherwise, a stored unvisited branch is used for rerouting or
the vehicle reaches a safe stop. Figure 13 shows the dry-reach and blocked-reach cases.

During severe occlusion, the controller does not receive a manually completed
mask. Instead, the rule evaluation uses the last unoccluded pose, heading, speed, age,
and confidence already defined in Eq. (9). A bounded speed cap and memory-heading
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(a) Drying termination

memory-guided
continuation

(b) Dam blockage and backtracking

Fig. 13 Termination mechanism. Persistent river loss triggers monotonic deceleration and a memory
query; the system either resumes on reappearance, reconnects to a stored branch, or completes a safe
stop

(a) Tree canopy

virtual
centerline

(b) Bridge shadow

virtual
centerline

(c) Building occlusion

virtual
centerline

Fig. 14 Occlusion mechanism for tree cover, bridge shadow, and building obstruction. Dashed cen-
trelines show the short memory-conditioned bridge used while current river evidence is unavailable;
no retrospective reference mask is exposed to the actor

command bridge short tree, bridge-shadow, or building occlusions, after which current
visual and geometric observations regain control (Fig. 14).

The aggregation rule activates only when at least three obstacles occur within the
6 m neighbourhood used by the intervention logic. Static groups are bypassed around
a 3 m inflated outer boundary, whereas moving groups use a repeatedly updated free
corridor. The APF term modifies the executed yaw action through Eq. (28); it never
overwrites the learned reward weight. Intervention is released after the vehicle has left
the cluster and the nearest obstacle is at least 8 m away (Fig. 15).

Table 11 consolidates the four mechanisms so that trigger persistence, policy-visible
information, and executed response are not distributed across figure captions.
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dynamic
safety channel
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3 m 

Fig. 15 Obstacle-aggregation mechanism. Static groups use an inflated bypass boundary; moving
groups use a receding free corridor. The red boundary is a metric action-safety constraint, not an
adaptive reward-weight value

Table 11 River-specific event handling used in the rule layer

Event Trigger evidence
Policy-state
treatment

Logged executed
response

Bifurcation
multiple forward
water branches

unchanged; branch
candidates remain
intervention-only

target-aligned
branch; width
tie-break; store
alternatives

Termination
persistent loss of

forward river extent
unchanged; no event

flag is added

monotonic brake;
resume, reroute, or

safe stop

Occlusion
persistent low

current-view visibility
unchanged; uses the
existing mt record

speed cap and
bounded memory-
heading command

Aggregation
at least three nearby

obstacles within
cluster threshold

unchanged; no
cluster flag is added

bounded APF yaw
blend until the 8 m
release condition

4.13 Special-scenario comparative benchmark

The special-scenario benchmark contains 1,000 cases per seed, equally divided among
the four event families, and uses five independent seeds. River width, branch angle,
occlusion length, obstacle density, and obstacle motion are regenerated from the frozen
seed manifest. All methods share start and goal definitions, metric collision geometry,
action limits, and termination conditions.

The learned controllers are DDPG, TD3, and Hybrid TD3; the model-based and
classical controls are NMPC, RRT* with periodic replanning, A*, and APF. Figure 16
provides representative trajectory-level behaviour, while Table 12 and Fig. 17 report
the seed-averaged task-completion rates. These aggregate rates are not pooled with
the 300-case paired geometry experiment in Table 8.
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Fig. 16 Representative local trajectory windows for bifurcation, termination, occlusion, and obstacle
aggregation. The panels compare the complete hybrid controller with NMPC, RRT*-Replan, A*, and
APF under the common metric geometry of the special-scenario benchmark

The special-scenario results complement rather than replace the paired geometry
experiment. The complete hybrid configuration reached an average completion rate
of 88.5%, compared with 77.4% for NMPC, 72.6% for RRT*-Replan, 65.3% for TD3,
and 58.0% for DDPG. Its largest absolute advantage occurred in aggregation, where
memory-conditioned visual control and bounded intervention address a failure mode
that is difficult for static A* or APF. The termination column uses completion by
goal continuation, successful rerouting, or a protocol-valid safe stop; it is therefore not
interchangeable with ordinary goal-arrival success.

Table 12 Seed-averaged task-completion rate (%) in the independently stratified special-scenario
benchmark. Completion comprises goal arrival, successful rerouting, or a protocol-valid safe stop.
Each seed contains 250 cases per scenario family

Controller Bifurcation Termination Occlusion Aggregation Mean

Hybrid TD3 95.0 86.0 88.5 84.5 88.5

NMPC 82.0 75.0 80.0 72.6 77.4

RRT*-
Replan

78.0 69.0 73.0 70.4 72.6

TD3 72.0 63.0 70.0 56.2 65.3

DDPG 64.0 57.0 61.0 50.0 58.0

A* 47.0 35.0 43.0 27.0 38.0

APF 33.0 22.0 29.0 16.0 25.0
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Fig. 17 Scenario-wise task-completion rates corresponding to Table 12. The complete hybrid con-
troller has the highest mean completion in all four event families; the margin is 11.1 percentage points
over NMPC and 15.9 points over RRT*-Replan in the aggregate

5 Discussion

The framework has five practical advantages over commonly used visual-control
pipelines. First, it assigns different feedback roles to appearance and geometry. The
FPN interface aggregates river evidence at four spatial scales, while the structured
stream supplies the metric quantities required for control. The 84.0% completion of
the vision-plus-kinematics condition provides outcome-level evidence that the policy
uses its RGB/FPN stream after all explicit target, centreline, clearance, and memory
inputs are removed. Within the structured stream, fixed-width block ablations preserve
optimisation capacity; memory removal produced the largest observed success-rate
decrease, but this contrast was not statistically significant and the no-target and
no-centreline point estimates slightly exceeded the full-state result.

Second, the reward formulation remains internally consistent as weights evolve.
Storing six bounded components allows any replay transition to be evaluated under
the current λ, and separate normalisation of speed and yaw-rate changes avoids mixing
physical units. The outer objective is differentiable because the virtual action enters
explicit kinematics and analytic local geometry; its graph does not rely on gradients
through a sampled simulator transition. The finite-difference verification gives a worst-
case vector relative error of 4.17×10−4, while the strictly positive intermediate norms
show that every path displayed in Fig. 3 participates in the computed hypergradi-
ent. Reward-component recomputation and the derivative-path verification therefore
test temporal consistency and computational correctness, respectively. They do not
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establish an efficacy advantage for the hypergradient: the refreshed meta-gradient and
zero-hypergradient projection control have identical pooled completion.

Third, policy learning, model-based optimisation, and engineered intervention have
separate signal paths and separate evidence. In the geometry-control benchmark,
NMPC improved completion and eliminated the rule controller’s 104 collisions by
accepting greater centreline deviation and computation. In the matched TD3 interven-
tion evaluation, both proposed and executed actions are logged together with avoided
and newly introduced collisions. This accounting prevents a deterministic correction
from being attributed silently to policy learning and exposes the safety–efficiency effect
of each rule.

Fourth, the statistical design follows the same cybernetic decomposition. Frozen
manifests expose compared conditions to paired disturbances and initial conditions.
Seed-level paired tests are used for trained TD3 variants, whereas scenario-level paired
resampling and exact tests are used for geometry controllers. Raw counts accompany
rates, and completion, clearance, tracking, smoothness, safe stopping, and latency are
interpreted jointly rather than selected from one favourable metric.

Fifth, the river-specific benchmark preserves application logic that is absent
from a generic controller table. Bifurcation, termination, occlusion, and aggrega-
tion are defined by explicit trigger–response pairs, visualised in Figures 12–15, and
then evaluated together in Table 12. The complete hybrid configuration improves
mean completion over TD3, DDPG, NMPC, and RRT*-Replan while retaining an
interpretable explanation for branch memory, monotonic stopping, short occlusion
bridging, and clustered-obstacle avoidance. This complements recent high-speed visual
flight and safe-learning systems (Brunke et al. 2022; Foehn et al. 2022; Loquercio et al.
2021; Zhang et al. 2025) with a river-corridor-specific decomposition of appearance,
geometry, learning, and intervention.

The procedural benchmarks are designed for complementary attribution: the state
and reward controls expose learning-interface behaviour, the paired geometry experi-
ment exposes safety, tracking, and latency trade-offs, and the independently stratified
special-scenario benchmark measures river-event completion over five seeds. The field
archive serves a separate provenance purpose without supplying privileged geom-
etry. Together, these choices keep visual implementation, structured state, reward
adaptation, control optimisation, and action intervention distinguishable.

6 Conclusion

We formulated a machine-learning and cybernetic control framework for RGB–
geometric UAV navigation. The implementation couples a trainable ResNet–50–FPN
interface with 35 explicit feedback variables; the TD3 core recomputes scalar rewards
from stored components and adapts their weights through a closed differentiable
computational graph. The vision-plus-kinematics outcome, fixed-width structured-
state ablations, distinct policy and executed actions, frozen paired manifests, and
source-level records make perception, state, reward reconfiguration, and interven-
tion attributable. Numerical verification covers all six reward coordinates, while the
projection-matched control shows that the reported outcome improvement cannot
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be attributed to the hypergradient alone. In the separate river-event benchmark,
Hybrid TD3 attains 88.5% mean task completion across bifurcation, termination,
occlusion, and aggregation, where completion comprises goal arrival, successful rerout-
ing, or a protocol-valid safe stop; NMPC and RRT*-Replan attain 77.4% and 72.6%,
respectively. These results establish a reproducible and inspectable framework for inte-
grating visual perception, adaptive reward learning, and hybrid safety intervention in
river-corridor UAV navigation.
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The field-image archive used for the provenance and appearance analysis is avail-
able from the National Tibetan Plateau/Third Pole Environment Data Center at
https://doi.org/10.11888/Terre.tpdc.303151 (Zhang 2025). Procedural scenarios are
identified by deterministic generator seeds and frozen manifests. An anonymised
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Supplementary information

Online Resource 1 is the anonymised reproducibility bundle described in the Data and
code availability statement.
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