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Abstract

Long-horizon UAV navigation under partial observability and visual degra-
dation requires reliable decisions from uncertain current beliefs and increas-
ingly uncertain imagined futures. We propose the Uncertainty-Guided Belief
World Model (UG-BWM), which exposes posterior covariance to the actor and
critic, propagates ensemble-based predictive uncertainty through latent roll-
outs, penalizes uncertain and collision-prone imagined transitions, and triggers
candidate-sequence replanning through a hysteretic uncertainty rule. We evaluate
UG-BWM in Gazebo Harmonic with PX4 SITL across six locked-test condi-
tions, three route lengths, four visual-degradation types, and unseen structural
shifts. UG-BWM achieves a success rate of 0.63, a collision rate of 0.15, and an
SPL of 0.62, compared with 0.54, 0.20, and 0.54 for DreamerV3-CU. Controlled
tests show that posterior confidence, the combined predictive uncertainty score,
and the state-dependent imagined objective each contribute to performance. Pre-
dictive uncertainty remains positively associated with rollout error beyond the
training horizon. During deployment, uncertainty-triggered replanning matches
always-plan performance while activating the planner on 18% of control steps,
reducing planner use by 82%. The results support uncertainty-explicit belief
modeling and selective planning for UAV navigation under degraded sensing.

Keywords: UAV navigation, latent world models, partial observability, posterior
confidence, predictive uncertainty, visual degradation, model-based reinforcement
learning, selective replanning
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1 Introduction

Most civilian and military applications of autonomous UAVs depend on onboard sens-
ing and state-estimation systems for navigation [1]. Real-world UAV navigation is
complicated by visual degradation, including fog, low illumination, motion blur, and
occlusion, as well as by partial observability [2, 3]. The problem becomes more severe
in long-horizon settings, where navigation errors accumulate and decisions must be
revised using an incomplete representation of the environment [4, 5]. Goal-directed
UAV navigation becomes more difficult when the vehicle must operate in unknown
environments with incomplete or noisy visual observations [6].

Vision-based reinforcement learning enables navigation policies to be learned
directly from onboard camera observations [7, 8]. Recent methods address cluttered
environments [9], unknown geometry [10], temporal dependencies [11], and perceptual
uncertainty [12]. These methods use model-free control, recurrent memory, temporal
attention, and safety mechanisms [13]. They can learn reactive or history-dependent
policies. However, they do not explicitly predict how the UAV belief and the environ-
ment will change under alternative future actions. Their recurrent components encode
observation history without directly indicating the confidence of the current inferred
state.

World models learn compact latent representations that predict how the environ-
ment changes under the actions of the agent [14–16]. Predicted trajectories are used
for online planning or policy optimization through imagined rollouts [17]. World mod-
els have also been applied to visual representation learning for autonomous drones
and navigation control for robotic agents [18, 19]. Their effectiveness depends on the
quality of the inferred current latent state and the accuracy of recursively predicted
future states. When a policy optimizes actions using unreliable imagined trajectories,
prediction errors can propagate through the rollout and lead to poor decisions.

Existing uncertainty-aware world models reduce the influence of unreliable predic-
tions during learning or control [20, 21]. However, they generally do not distinguish
confidence in the current observation-conditioned belief from uncertainty accumulated
through recursive latent prediction. This distinction is important under visual degra-
dation because uncertainty may already be present before imagination begins and may
increase as the rollout progresses.

This work proposes UG-BWM for long-horizon UAV navigation under partial
observability and visual degradation. UG-BWM separates confidence in the current
posterior belief from uncertainty accumulated through imagined future transitions. It
exposes posterior confidence to the actor and critic, estimates predictive uncertainty
through an ensemble latent world model, and uses this uncertainty to guide imagined
policy learning and selectively activate deployment-time planning.

The main contributions of this work are:

• An uncertainty-explicit belief interface that supplies the actor and critic with both
the observation-conditioned latent estimate and its posterior confidence.

• An ensemble predictive prior that propagates latent beliefs and combines ensemble
disagreement with conditional predictive variance to estimate predictive uncertainty
across imagined horizons.
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• An uncertainty-guided imagined actor–critic objective that reduces the influence of
unreliable latent transitions and conservatively accounts for predicted collision risk.

• A selective replanning mechanism that uses predictive uncertainty to activate
additional planning only at states where the nominal policy rollout becomes
unreliable.

2 Related Work

2.1 UAV Navigation under Partial Observability and

Perceptual Degradation

Recent literature groups autonomous UAV navigation into classical planning
approaches [22, 23], learning-based navigation [24, 25], models designed for par-
tial observability [26], and strategies developed for degraded sensing conditions [27].
Common classical planning approaches include artificial potential fields [28, 29],
sampling-based algorithms [4], or combinations of both [30]. Such methods depend on
accurate vehicle states, obstacle representations, and map quality.

In learning-based navigation, the policy is trained from sensor observations rather
than relying on an explicit planner [31]. Model-free reinforcement-learning algorithms
such as PPO [32], SAC [33], and TD3 [34] are used for obstacle avoidance and navi-
gation in constrained environments by mapping visual and motion inputs directly to
continuous actions. The methods differ in their observation encoders, policy architec-
tures, reward formulations, and safety mechanisms [35]. Most learn actions from the
current observation or from compact representations of recent observations.

Partial observability has led to greater use of recurrent memory [36], tempo-
ral attention [37], and spatiotemporal feature modeling [38]. Related studies use
spatiotemporal Transformers, perception-enhanced memory with temporal-region
selection, and attention-based temporal fusion [39]. Such models retain information
that is not available in the current frame. The retained information is usually rep-
resented as a hidden state or temporal feature. In the reviewed methods, however,
no explicit indication is provided of how reliable that representation remains under
degraded or missing observations.

Recent methods address UAV navigation under perception noise [12] and under
degraded visibility with limited sensor capabilities [40]. Some approaches focus on
motion estimation from degraded images [41]. Other studies modify the navigation
policy or introduce safety mechanisms [42]. Prior work on reduced visibility [27], image
blur [41], uncertain optical flow [43], and limited sensor capabilities [40] shows that
visual quality directly affects navigation decisions.

2.2 Latent World Models and Model-Based Reinforcement

Learning

World models use learned latent dynamics to optimize policies without requiring new
environment interaction at every update [16]. The main methods differ in the rep-
resentation of the latent state and in how the learned world model supports control
[44]. PlaNet optimizes action sequences online in a latent space learned from pixel

3



observations [15], whereas Dreamer uses imagined trajectories to train the actor and
critic networks [16]. DreamerV2 introduced discrete latent variables, while DreamerV3
retained the imagined actor–critic architecture and applied it to a broader range of
control tasks [44, 45].

Other model-based reinforcement learning (MBRL) methods differ in their rep-
resentation of the dynamics and their use of model predictions. PETS propagates
probabilistic dynamics ensembles and evaluates candidate actions through trajectory
sampling [46]. MBPO uses short synthetic rollouts to reduce the accumulation of model
error [47]. TD-MPC combines learned latent dynamics, temporal-difference learning,
and model-predictive control [17]. These approaches differ in three related factors.
Rollout length influences exposure to compounding prediction errors [47]. Probabilis-
tic dynamics models represent uncertainty in learned predictions [48], while online
action selection determines whether model predictions are used directly for control or
mainly for policy training [17].

Robotic applications use world models for different purposes. Zhao et al. [49]
applied a contrastive learning objective within a world model to learn visual represen-
tations for autonomous drone navigation. Shanks et al. [18] developed DreamerNav,
which uses imagined control for navigation in dynamic indoor environments. Martinez-
Baselga et al. [50] introduced RUMOR, which learns an environment model for
navigation in dynamic scenes. Tommaselli et al. [51] developed LeCropFollow, which
uses latent-space planning for navigation in unstructured crop fields. Fujii and Murata
[52] used a temporally hierarchical world model for real-world robot control. Boiteau et
al. [40] studied MBRL decision making for UAVs operating under degraded visibility.

Two design issues are relevant to the present work. First, stochastic latent models
may still provide the actor and critic with only a sampled or point representation,
without direct access to posterior confidence [44, 45]. Second, existing evaluations
usually report prediction accuracy or task performance at selected horizons [17]. Few
studies test whether predictive uncertainty continues to rank realized error as the
imagined rollout becomes longer.

2.3 Uncertainty-Aware Model-Based Reinforcement Learning

In MBRL, the uncertainty signal can regulate the impact of model-generated tran-
sitions on policy learning. It can reduce the contribution of unreliable predictions
[53], or constrain the policy [54]. For example, MOPO penalizes the reward assigned
to imagined transitions according to model uncertainty. A related conservative
method, COMBO, combines model-based policy optimization with conservative value
estimation to regulate the value-learning process [55].

Other approaches use uncertainty through trajectory correction [20], and
reachability-based safety certificates for UAV flight [56]. Work in autonomous driv-
ing also uses epistemic uncertainty for safe reinforcement learning [57] and propagates
uncertainty through hierarchical planning [58]. In each case, uncertain predictions have
less influence on control than predictions considered reliable.

Uncertainty may also help determine when additional computation is needed
during deployment. Most of the reviewed methods apply the uncertainty signal con-
tinuously as a reward penalty, policy constraint, trajectory-correction signal, or safety
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measure. The reviewed studies do not examine whether uncertainty can identify states
at which online planning is more useful than acting directly from the learned policy.

These functions are generally investigated independently. The reviewed methods do
not jointly expose posterior confidence to the policy, propagate predictive uncertainty
through imagined beliefs, evaluate its association with realized error across rollout
depths, and use it to determine when deployment-time replanning should be activated.
The proposed UG-BWM integrates these functions within one framework.

3 Problem Formulation

This work considers long-horizon UAV navigation under partial observability, visual
degradation, and dynamic obstacles. The formulation distinguishes uncertainty in the
current observation-conditioned belief from uncertainty in future latent predictions
because they arise at different stages of the decision process.

3.1 Partially Observable Navigation and Mission Objective

The navigation task is modeled as a partially observable Markov decision process
(POMDP):

M = (X ,A,O, P,Ω, R, C, γ),

xt+1 ∼ P (xt+1 | xt, at), ot ∼ Ω(ot | xt),

rt = R(xt, at), ct = C(xt, at), ct ∈ {0, 1}.

(1)

Here, X , A, and O denote the hidden-state, continuous-action, and onboard-
observation spaces; P and Ω are the transition and observation models; R is the task
reward; C is the binary safety cost; and γ ∈ [0, 1) is the discount factor. The hidden
state includes the UAV motion state, environment geometry, obstacle motion, and
visual conditions. The observed event ct = 1 denotes a collision or permitted-flight-
boundary violation and is distinct from a collision probability predicted by the learned
world model.

Because xt is hidden, the policy acts from the interaction history Ht =
(o0, a0, . . . , at−1, ot). The nominal mission objective is

J(π) = Eπ

[

T−1
∑

t=0

γtrt

]

, (2)

where T is the episode duration. Since a mission may require more control steps
than the learned prediction horizon, long-horizon navigation is represented as repeated
posterior-update and finite-horizon decision cycles.

The safety event ct supplies collision and permitted-flight-boundary labels for
world-model learning and safety evaluation. The formulation does not impose a hard
safety constraint. Instead, UG-BWM incorporates predicted collision risk into the
penalized imagined return.

3.2 Onboard Observations and Uncertainty-Explicit Belief

The onboard observation and high-level body-frame command are:
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ot = {It, ηt, gt,mt},

at = [vbx,t, v
b
y,t, v

b
z,t, ψ̇t]

⊤ ∈ A.
(3)

It is the RGB image, ηt is the PX4 motion estimate, gt is the relative goal rep-
resentation, and mt indicates camera availability. Degraded but available images use
mt = 1, whereas dropped or unavailable frames use mt = 0. Simulator ground truth,
global obstacle states, and future information are excluded from the policy input.

A single observation does not generally determine the hidden navigation state. The
policy therefore acts from an observation-conditioned belief:

Bq
t (x) = p(xt = x | Ht),

Bq
t = B(Bq

t−1, at−1, ot),

at ∼ π(at | B
q
t ).

(4)

The superscript q denotes conditioning on observations available through time t.
For the nonlinear latent dynamics and high-dimensional visual observation model con-
sidered here, exact posterior inference is generally intractable. A learned approximate
posterior is therefore required to represent both the inferred latent state and its pos-
terior uncertainty after incorporating the current observation and recurrent history
[15, 16].

3.3 Finite-Horizon Imagination and Uncertainty-Aware

Decision Making

Starting from the current posterior belief bqt , an imagined action sequence at:t+H−1 =

(at, . . . , at+H−1) generates predictive beliefs b̂pt+1, . . . , b̂
p
t+H without conditioning on

the future observations corresponding to those states. Each imagined transition is:

W
(

b̂
p
t+k, at+k

)

=
(

b̂
p
t+k+1, r̂t+k,

ĉt+k, Ut+k) , k = 0, . . . , H − 1.
(5)

with b̂
p
t = b

q
t . Here, r̂t+k is the predicted reward, ĉt+k ∈ [0, 1] is the predicted

collision probability, and Ut+k is the predictive uncertainty score associated with the
imagined transition.

Posterior uncertainty concerns the current belief after conditioning on the available
observation history. Predictive uncertainty concerns future latent beliefs generated
before their corresponding observations become available. Posterior correction at the
next interaction step therefore does not eliminate the need to assess the reliability of
the rollout used for the current decision.

The resulting decision problem requires representation of the inferred current
state, confidence in the observation-conditioned belief, and uncertainty associated with
recursively imagined future states.
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4 Proposed Method

Figure 1 summarizes the two computational paths of UG-BWM. The posterior path
assimilates observations available at the current control step and forms an uncertainty-
explicit belief for the actor and critic. Starting from this belief, the predictive path
propagates finite-horizon latent trajectories through an ensemble world model and
estimates reward, collision risk, and predictive uncertainty for imagined learning and
selective deployment-time planning.

Fig. 1 UG-BWM architecture for uncertainty-explicit belief inference, imagined learning, and selec-
tive deployment-time planning.

4.1 Multimodal Encoding and Uncertainty-Explicit Posterior

Belief

Separate encoders process the RGB image, PX4 motion estimate, and relative goal.
Their outputs are concatenated with the camera-validity flag:

et = [fI(It,mt), fη(ηt), fg(gt),mt] . (6)

For mt = 1, fI returns the CNN feature of the available image, including visu-
ally degraded frames. For mt = 0, the visual feature is replaced by a learned
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no-camera embedding; the zero-valued image tensor only preserves the fixed input
shape. Includingmt in et distinguishes unavailable visual evidence from ordinary image
content.

Temporal history, posterior inference, and the uncertainty-explicit belief represen-
tation are defined jointly as:

ht = GRUϕ (ht−1, [zt−1, fa(at−1)]) ,

qϕ(zt | ht, et) = N
(

µ
q
t , diag[(σ

q
t )

2]
)

,

zt = µ
q
t + σ

q
t ⊙ ϵt, ϵt ∼ N (0, I),

Σq
t = diag[(σq

t )
2], b

q
t = {ht, µ

q
t ,Σ

q
t},

b̄
q
t = [ht, µ

q
t , log diag(Σ

q
t )].

(7)

The actor and critic receive b̄qt ; hence, posterior log-covariance is explicitly avail-
able to the decision networks rather than being represented only through a sampled
latent state. During real interaction, the decision networks receive the observation-
conditioned representation b̄

q
t . During imagined learning, the same moment-explicit

interface is retained through the ensemble-propagated representation b̄pt+k.

4.2 Ensemble Predictive Belief and Uncertainty Estimates

Each imagined rollout begins from the latest posterior belief and propagates future
states throughM independently parameterized predictive prior heads. For action at+k,

ĥt+k+1 = GRUϕ

(

ĥt+k, [ẑt+k, fa(at+k)]
)

,

pθm(zt+k+1 | ĥt+k+1) = N
(

µ
p,(m)
t+k+1, diag[(σ

p,(m)
t+k+1)

2]
)

.
(8)

The ensemble mixture is approximated by matching its first two moments:

µ̄
p
t+k+1 =

1

M

M
∑

m=1

µ
p,(m)
t+k+1,

(σ̄p
t+k+1)

2 =
1

M

M
∑

m=1

[

(σ
p,(m)
t+k+1)

2 +
(

µ
p,(m)
t+k+1 − µ̄

p
t+k+1

)2
]

,

Σ̄p
t+k+1 = diag[(σ̄p

t+k+1)
2],

b̂
p
t+k+1 = {ĥt+k+1, µ̄

p
t+k+1, Σ̄

p
t+k+1},

b̄
p
t+k+1 = [ĥt+k+1, µ̄

p
t+k+1, log diag(Σ̄

p
t+k+1)].

(9)

This first-two-moment approximation propagates one aggregate Gaussian belief
per imagined action sequence and therefore does not preserve separate predictive
modes. A reparameterized aggregate sample is used during imagined training, whereas
deterministic evaluation uses the aggregate mean.

Reward and collision predictions retain the member-specific latent moments:
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b̄
p,(m)
t+k+1 = [ĥt+k+1, µ

p,(m)
t+k+1, log(σ

p,(m)
t+k+1)

2],

r̂
(m)
t+k = rθm(b̄

p,(m)
t+k+1),

ĉ
(m)
t+k = sigmoid

(

cθm(b̄
p,(m)
t+k+1)

)

,

r̂t+k =
1

M

M
∑

m=1

r̂
(m)
t+k.

(10)

t+ k denotes the transition initiated by at+k, so the post-update predictive belief
estimates the corresponding reward and collision outcome. The latent dimension is
denoted by d. Ensemble disagreement and average conditional predictive variance are:

Uepi,t+k =
1

Md

M
∑

m=1

d
∑

j=1

(

µ
p,(m)
t+k+1,j − µ̄

p
t+k+1,j

)2

,

Uale,t+k =
1

Md

M
∑

m=1

d
∑

j=1

(

σ
p,(m)
t+k+1,j

)2

.

(11)

The labels epi and ale follow conventional terminology. In this work, however, Uepi

denotes ensemble disagreement and Uale denotes the ensemble-averaged conditional
predictive variance. They are treated as operational uncertainty indicators rather than
uniquely identifiable epistemic and aleatoric sources. Each component is normalized
by a fixed calibration reference Qs, defined as its empirical 95th percentile over nom-
inal rollouts from the calibration manifest. The references are recomputed for the
selected checkpoint and frozen during locked testing; Section 5.8 specifies the calibra-
tion protocol. The normalized components and combined predictive uncertainty score
are:

Ūs,t+k = clip

(

Us,t+k

Qs + ε
, 0, 1

)

, s ∈ {epi, ale},

Ut+k =
Ūepi,t+k + αŪale,t+k

1 + α
.

(12)

Collision probability remains separate from latent predictive uncertainty. The
ensemble mean, collision-head disagreement, and conservative estimate are:

ĉt+k =
1

M

M
∑

m=1

ĉ
(m)
t+k,

U c
t+k =

1

M

M
∑

m=1

(

ĉ
(m)
t+k − ĉt+k

)2

,

ĉ+t+k = clip
(

ĉt+k + βc

√

U c
t+k, 0, 1

)

.

(13)

The coefficients α and βc are selected through the model-selection protocol in
Section 5.8 and remain fixed during locked testing.
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4.3 World-Model Learning

Training uses trajectory sequences sampled from the replay buffer. The posterior is
inferred from real observations, while each predictive prior estimates the subsequent
latent state from recurrent history and the executed action. A shared decoder recon-
structs the image, PX4 estimate, and relative goal from (ht, zt). With qt+1 = qϕ(zt+1 |

ht+1, et+1), p
(m)
t+1 = pθm(zt+1 | ht+1), and sg[·] denoting stop gradient, the loss terms

are

Lobs = λI∥It − Ît∥1 + λη∥ηt − η̂t∥
2
2 + λg∥gt − ĝt∥

2
2,

LKL =
1

M

M
∑

m=1

[

ξDKL(sg[qt+1]∥p
(m)
t+1)

+ (1− ξ)DKL(qt+1∥ sg[p
(m)
t+1])

]

,

Lr =
1

M

M
∑

m=1

(rt − r̂
(m)
t )2,

Lc = −
1

M

M
∑

m=1

[

ct log ĉ
(m)
t + (1− ct) log(1− ĉ

(m)
t )

]

.

(14)

The complete world-model objective is

LWM = Lobs + λKLLKL + λrLr + λcLc. (15)

The predictive prior, reward, and collision heads are independently initialized
following deep-ensemble training [48]. To diversify the training data assigned to
individual ensemble members, we apply sequence-level Bernoulli bootstrap masks,
following the bootstrapped dynamics-ensemble principle [46]. Each mask wi,m ∼
Bernoulli(pboot) is drawn once for sampled sequence i and ensemble member m, held
fixed over the complete sequence, and applied to the member-specific KL, reward, and
collision terms.

4.4 Uncertainty-Guided Imagined Actor–Critic Learning

Imagined rollouts begin from posterior beliefs sampled from the replay buffer. The
actor and critic receive the aggregate predictive representation b̄pt+k in Eq. (9), which

has the same moment-explicit interface as b̄qt but obtains its covariance through
ensemble propagation. The bounded stochastic action is:

at+k = amax ⊙ tanh
(

µρ(b̄
p
t+k) + σρ(b̄

p
t+k)⊙ ϵt+k

)

,

ϵt+k ∼ N (0, I).
(16)

For each imagined transition, UG-BWM combines predicted reward with conser-
vative collision risk and predictive uncertainty:

r̃t+k = r̂t+k − λriskĉ
+
t+k − λuncUt+k. (17)

10



Algorithm 1 Compact training cycle for UG-BWM

1: Initialize replay buffer D, world model, predictive ensemble, actor πρ, critic Vν ,
and target critic Vν̄

2: Collect initial trajectories and store them in D
3: for each training iteration do

4: Execute the stochastic actor and append transitions to D
5: Sample trajectory segments, infer posterior beliefs, and draw sequence-level

ensemble bootstrap masks
6: Update the world model by minimizing LWM

7: if the calibration interval Kcal is reached then

8: Recompute Qepi and Qale from nominal rollouts on the fixed calibration
manifest

9: end if

10: Freeze the world model and generate H-step imagined rollouts from replay-
buffer posterior states

11: Update the actor and critic using the adjusted returns in Eqs. (17) and (18)
12: Update the target critic by exponential averaging
13: end for

The first penalty addresses predicted collision outcomes, while the second reduces
the contribution of imagined transitions with high predictive uncertainty. Returns and
actor–critic objectives are:

Gt+H = Vν̄(b̄
p
t+H),

Gt+k = r̃t+k + γGt+k+1, k = H − 1, . . . , 0,

LV = E

[

1

H

H−1
∑

k=0

(

Vν(b̄
p
t+k)− sg[Gt+k]

)2

]

,

Lπ = −E[Gt].

(18)

World-model parameters are fixed during actor and critic updates, and the target
critic Vν̄ is updated by exponential averaging. Algorithm 1 summarizes the resulting
training cycle; deployment-time candidate planning is disabled during data collection
and training.

4.5 Uncertainty-Monitored Deployment and Selective

Latent-Space Planning

Figure 2 summarizes deployment-time action selection. From the current posterior
belief, the deterministic actor generates a nominal rollout over a monitoring horizon
Hmon. Let U

π
t+k denote Eq. (12) evaluated along this rollout; the superscript identifies

the rollout source rather than a separate uncertainty measure.
The monitoring statistic and hysteretic activation rule are:
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Fig. 2 UG-BWM deployment-time action selection. A hysteretic predictive-uncertainty trigger
switches between nominal actor control and actor-centered latent-space planning.

ρt = max
0≤k<Hmon

Uπ
t+k,

Rt =

⎧

⎪

⎨

⎪

⎩

1, ρt > τon,

0, ρt < τoff ,

Rt−1, otherwise,

τoff < τon.
(19)

When Rt = 0, the deterministic actor mean is executed. When Rt = 1, the planner
samples N actor-centered sequences of horizon Hp:

a
(n)
t+k = amax ⊙ tanh

(

µρ(b̄
p,(n)
t+k ) + ϵ

(n)
t+k

)

,

ϵ
(n)
t+k ∼ N (0,Σplan).

(20)

All candidates start from the same posterior belief, and one uses zero perturbation
so that the nominal actor sequence is retained. Candidate scoring and receding-horizon
selection are:

S
(n)
t =

Hp−1
∑

k=0

γkr̃
(n)
t+k + γHpVν(b̄

p,(n)
t+Hp

),

n∗ = arg max
1≤n≤N

S
(n)
t , at = a

(n∗)
t .

(21)

Here, r̃
(n)
t+k follows Eq. (17). Only the first selected action is sent to PX4; the

next real observation corrects the posterior before monitoring and action selection
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are repeated. All learned parameters and uncertainty-normalization constants remain
fixed during deployment.

The posterior-confidence interface, predictive-uncertainty components, imagined
objective, and replanning trigger are evaluated through the controlled tests in
Section 5.5. Their results are reported in Sections 6.4–6.7. In the trigger comparison,
the candidate planner is held fixed so that only the activation rule changes.

5 Experimental Setup and Evaluation Protocol

The evaluation compares UG-BWM with TD3, recurrent PPO, DreamerV3, and
DreamerV3-CU, where CU denotes conservative uncertainty-aware imagination.
DreamerV3-CU is a controlled extension of DreamerV3 that adds ensemble predic-
tive uncertainty and an uncertainty-penalized imagined objective. Controlled tests
separately examine posterior confidence, predictive uncertainty, imagined objective
guidance, and selective replanning. All methods use five independent seeds and
paired evaluation episodes, with disjoint training, calibration, model-selection, and
locked-test manifests.

5.1 Simulation Platform and System Integration

Experiments use Gazebo Harmonic, PX4 software-in-the-loop simulation, ROS 2, and
the Micro XRCE-DDS bridge. Gazebo provides the environment geometry, vehicle
dynamics, RGB observations, moving obstacles, controlled visual degradation, collision
events, and evaluation-only ground truth. PX4 performs onboard state estimation, low-
level stabilization, and actuator control. ROS 2 synchronizes observations, estimator
outputs, and high-level commands with the PyTorch navigation framework.

At each control step, the policy receives only the onboard variables defined in
Eq. (3). The relative goal is calculated from PX4 position and heading estimates.
Simulator poses, global obstacle states, degradation labels, future observations, and
reference paths are excluded from the policy input, posterior inference, imagined
rollouts, predictive uncertainty, and candidate planner.

5.2 Task Specification and Data Separation

The evaluation uses six training layouts, three validation layouts, two locked Test-ID
layouts, and two locked Test-OOD layouts. Test-ID layouts retain the structural family
represented during training but use disjoint start–goal pairs and obstacle realiza-
tions. Test-OOD layouts introduce unseen connectivity, passage dimensions, obstacle
arrangements, and decision points.

Table 1 summarizes the observation interface, route classes, data partitions, and
episode allocation. No start–goal pair, obstacle trajectory, degradation schedule, or
simulator seed is shared across the training, validation, and locked-test partitions.

Reference length L∗
i is the shortest feasible path through the static traversable

geometry. An offline planner with complete map access is used only to verify feasibility,
assign route categories, and calculate SPL. Its map, waypoints, and actions are not
provided to any learned method.
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Table 1 Task specification, data separation, and route protocol.

Category Setting Protocol

Observation RGB, PX4 motion
estimate, relative goal,
and camera-validity
flag

All learned methods receive the same
onboard information. Simulator state and
global obstacle information are excluded.

Action Body-frame velocity
and yaw-rate
command

at = [vbx,t, v
b
y,t, v

b
z,t, ψ̇t]

⊤ at a 10-Hz
high-level control rate.

Layout split 6 training; 3
validation; 2 Test-ID;
2 Test-OOD

Validation contains separate calibration and
model-selection manifests. Test layouts
remain locked until final evaluation.

Short route 10 ≤ L∗
i < 20 m Approximately 50–100 high-level decision

steps.

Medium route 20 ≤ L∗
i < 40 m Approximately 100–200 high-level decision

steps.

Long route 40 ≤ L∗
i ≤ 70 m Approximately 200–350 decision steps,

substantially exceeding the H = 15
imagination horizon.

Primary manifest 20 routes per route
class, condition, and
seed

Each condition contains 60 episodes per seed
and 300 episodes per method across five
trained seeds.

Severity manifest Paired clear, mild,
moderate, and severe
trials

A fixed route subset is replayed across
degradation levels to construct Fig. 5.

Stress manifest Test-OOD geometry
with unseen compound
degradation

Contains balanced short, medium, and long
routes and is used for the route-horizon and
combined-shift analyses.

The route-dependent episode limit is

Tmax,i = Tmargin + κtime
L∗
i

vref
, (22)

with common values of Tmargin, κtime, and vref for all methods. Long-horizon navi-
gation is therefore evaluated through repeated finite-horizon imagination and posterior
correction rather than an open-loop prediction over the full route.

5.3 Visual Degradation and Locked-Test Conditions

Visual disturbances are applied to the RGB stream before policy preprocessing.
Degraded but available images retain mt = 1, whereas unavailable frames use the
missing-camera representation and mt = 0. Disturbance schedules specify onset,
duration, severity, and recovery independently of the policy state.

Table 2 defines the six primary locked-test conditions. Each disturbed episode
begins with a nominal observation interval so that the response to disturbance onset
can be evaluated without changing the initial-state distribution.
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Table 2 Locked-test conditions and controlled disturbance factors.

ID Condition Configuration Controlled variables

C1 Clear ID Test-ID layouts under
nominal sensing and
standard obstacle density

Nominal illumination, no
synthetic fog or occlusion, and
standard obstacle trajectories.

C2 Severe visual
degradation

Test-ID layouts with one
severe visual disturbance

Fog, low illumination, motion
blur, or partial occlusion,
balanced across episodes.

C3 Dense dynamic
obstacles

Test-ID layouts under
nominal vision with
increased moving-obstacle
complexity

Obstacle density, speed,
crossing direction, and motion
diversity.

C4 Unseen degradation
combination

Test-ID layouts with
compound visual
disturbances excluded
from training

At least two degradation
factors with unseen severity
combinations or temporal
schedules.

C5 Unseen geometry Test-OOD layouts under
nominal sensing

Unseen connectivity, passage
width, obstacle arrangement,
and decision-point placement.

C6 Camera blackout Test-ID layouts with
sustained unavailable-
image intervals

Blackout onset, duration,
recovery, and obstacle motion
during sensor loss.

The severity-sweep manifest varies fog, illumination, blur, and occlusion indepen-
dently over clear, mild, moderate, and severe settings. The four categories follow the
clear-to-severe parameter ordering reported in Table 4: fog visibility and illumination
decrease, whereas blur-kernel size and occluded-image fraction increase. The same
routes, obstacle seeds, and disturbance onset times are reused across severity levels.

The dense-dynamic-obstacle condition (C3) isolates obstacle-motion difficulty from
visual degradation. The unseen-degradation condition (C4) evaluates visual com-
binations and disturbance schedules excluded from training. The unseen-geometry
condition (C5) isolates structural novelty under nominal sensing. The stress manifest
combines C4-type visual disturbances with Test-OOD layouts to evaluate simultaneous
perceptual and structural shift.

5.4 Compared Methods and Fairness Controls

UG-BWM is compared with TD3 [34], recurrent PPO [32], DreamerV3 [44], and
the controlled DreamerV3-CU baseline. Table 3 summarizes the mechanisms and
comparison role of each method.

All methods use the observation variables in Eq. (3), the same continuous action
limits, reward, terminal-event definitions, control rate, training layouts, locked man-
ifests, and real simulator interaction budget. No method receives a reference path,
map, simulator pose, obstacle state, disturbance label, or future observation.
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Table 3 Compared methods, available mechanisms, and comparison purpose.

Method
Available mechanisms Primary comparison

purpose

Mem. WM Ens.
Post.
cov.

Unc.
pen.

Sel.
plan.

TD3 No No No No No No Feedforward model-free continuous
control.

Recurrent
PPO

Yes No No No No No Tests whether temporal model-free
memory is sufficient under partial
observability.

DreamerV3 Yes Yes No No No No Tests latent imagination without
the proposed uncertainty
mechanisms.

DreamerV3-
CU

Yes Yes Yes No Yes No Tests conservative
uncertainty-aware imagination
without posterior-confidence input
or deployment replanning.

UG-BWM Yes Yes Yes Yes Yes Yes Tests the complete posterior-
confidence, predictive-uncertainty,
and selective replanning framework.

Mem.: memory; WM: world model; Ens.: ensemble; Post. cov.: posterior covariance supplied to
the policy; Unc. pen.: uncertainty penalty; Sel. plan.: selective planner.

The visual encoder and auxiliary-input encoders use comparable capacity where
this does not alter the defining algorithm. TD3 receives the current encoded obser-
vation and contains no recurrent state. Recurrent PPO uses a GRU after the shared
observation encoder. DreamerV3 retains its recurrent latent state and standard imag-
ined actor–critic objective. DreamerV3-CU uses the same ensemble size, bootstrap
procedure, predictive uncertainty calculation, conservative collision estimate, and
imagined penalty as UG-BWM, but does not expose posterior covariance to its actor
or critic and does not use deployment-time candidate planning.

Every method receives the same number of real environment transitions. World-
model methods may perform latent imagination and additional gradient updates
without consuming simulator interactions; their additional computation is reflected
in the reported training time rather than treated as environment experience. Hyper-
parameters are selected using the same model-selection manifest and a comparable
number of tuning trials. Parameter count, training time, and inference latency are
reported with the navigation results.

The primary confirmatory system comparison is UG-BWM versus DreamerV3-CU
because it is the closest controlled baseline. Planned secondary comparisons evaluate
UG-BWM against DreamerV3, recurrent PPO, and TD3.

5.5 Controlled Mechanism Tests

Four controlled tests isolate the UG-BWM mechanisms that cannot be separated
through external baseline comparisons.
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5.5.1 Posterior-confidence input.

Identical frozen UG-BWM checkpoints and actor weights are evaluated with the cor-
rect posterior log-covariance, a constant calibration-median covariance, covariance
vectors shuffled within each condition and route class, and a separately trained archi-
tecture without covariance input. The first three variants preserve ht, µ

q
t , actor weights,

and paired episode manifests, thereby isolating the state-dependent confidence signal.
Navigation outcomes, near-term failure ranking, and responses to degradation onset
are reported in Fig. 6 and Table 8.

5.5.2 Predictive-uncertainty composition.

The proposed combined uncertainty score is compared with a single predictive head,
ensemble disagreement alone, and conditional predictive variance alone. The single-
head architecture is trained separately, whereas the ensemble variants share predictive
checkpoints and use matched actor–critic initializations, imagined starting states,
update budgets, and deployment settings. A complementary 2 × 2 diagnostic crosses
familiar and unseen structure with nominal and degraded vision to examine the empir-
ical response of each uncertainty component. Results are presented in Fig. 8 and
Table 8.

5.5.3 Predictive-uncertainty objective.

The proposed state-dependent penalty is compared with no uncertainty penalty, a
magnitude-matched constant penalty, shuffled uncertainty values, and a variant with-
out conservative collision adjustment. All variants use the same frozen world-model
checkpoint, posterior starting states, matched actor–critic initialization, imagined
batches, and update budget; deployment replanning is disabled. The constant and
shuffled controls distinguish generic conservatism from transition-specific uncertainty
guidance, while the final variant isolates conservative collision handling. Results are
reported in Fig. 9 and Table 8.

5.5.4 Replanning trigger.

Identical frozen UG-BWM checkpoints and a fixed candidate planner are evaluated
using no replanning, random activation, periodic activation, collision-risk activation,
predictive-uncertainty activation with and without hysteresis, and planning at every
decision step. All active strategies share the candidate budget, planning horizon,
sampling covariance, scoring function, and receding-horizon execution. Competing
activation parameters are selected on the model-selection manifest to approximate the
uncertainty-trigger activation rate and are then frozen for testing. Navigation perfor-
mance, planning frequency, trigger switching, and latency are reported in Fig. 10 and
Table 9.
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5.6 Evaluation Metrics

Each episode is assigned one mutually exclusive terminal outcome: success, collision,
timeout, permitted-flight-boundary violation, or abnormal termination. The first ter-
minal event determines the outcome, with collision and boundary violation taking
precedence over simultaneous goal completion. Success rate is the primary navigation
endpoint, while collision rate and SPL measure safety and path efficiency.

Posterior confidence is summarized by the mean diagonal variance of Σq
t . Its deci-

sion relevance is assessed through near-term failure rates across uncertainty deciles,
its response around visual-degradation and camera-blackout onset, and the controlled
covariance interventions in Section 5.5. Near-term failure denotes a collision or bound-
ary violation within the following second. These diagnostics evaluate ranking and state
dependence rather than full probabilistic calibration of the posterior covariance.

Multi-step predictive accuracy is evaluated at h ∈ {1, 5, 10, 15, 20, 30} using fixed
recorded action sequences. Each rollout begins from the same posterior state and
receives no future observations; subsequent observations are used only to construct
evaluation targets. The reported metrics are validation-scale-normalized latent pre-
diction error, reward MAE, and collision Brier score. The Brier score uses the
ensemble-mean collision probability rather than the conservative collision estimate.

Predictive-uncertainty quality is evaluated using the association between roll-

out uncertainty R
(Hu)
t = max0≤k<Hu

Ut+k and realized rollout error E
(Hu)
t =

H−1
u

∑Hu

k=1Ez,t(k). Spearman correlation measures uncertainty–error ranking, while
risk–coverage curves and AURC assess selective prediction quality. Prediction-interval
calibration error is evaluated at nominal coverage levels {0.50, 0.70, 0.90, 0.95} using
the propagated predictive mean and covariance. This evaluates the first-two-moment
Gaussian approximation rather than the complete ensemble mixture. Failure AUROC
measures whether predictive uncertainty anticipates collisions or boundary violations.

Planning outcomes include activation frequency, realized rollout error at acti-
vated states, and trigger switch rate. Computational performance is reported through
decision-module and end-to-end median and P95 latency, deadline-miss rate, param-
eter count, and training duration. Runtime conclusions are restricted to the stated
workstation configuration and 10-Hz high-level control loop.

5.7 Statistical Analysis

The complete episode is the primary unit for navigation outcomes; successive con-
trol steps are not treated as independent observations. Binary outcomes are analysed
using mixed-effects logistic regression. The system-level model includes method, eval-
uation condition, and route class as fixed effects, with random intercepts for trained
checkpoint and paired manifest entry. The primary confirmatory contrast compares
UG-BWM with DreamerV3-CU, followed by planned comparisons with DreamerV3,
recurrent PPO, and TD3.

Mechanism-specific models include covariance intervention, predictive-uncertainty
variant, imagined objective variant, or replanning strategy, together with the rele-
vant evaluation condition or route class and their interaction. The separately trained
no-covariance architecture is reported as a complementary comparison because it
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changes both the available input and the learned parameters. The 2× 2 uncertainty-
component diagnostic estimates the effects of visual condition, structural condition,
and their interaction separately for normalized ensemble disagreement and condi-
tional predictive variance. Horizon-wise quantities are summarized within complete
trajectories.

SPL, predictive errors, uncertainty metrics, planning frequency, and runtime are
reported with hierarchical bootstrap intervals based on 10,000 replicates, resam-
pling checkpoints before complete episodes or trajectories. Holm correction is applied
separately to the system-level, posterior-confidence, predictive-uncertainty, imagined
objective, and replanning-trigger comparison families. Confirmatory tests are two-
sided at α = 0.05. Binary effects are reported as absolute rate differences and
adjusted odds ratios with 95% confidence intervals. Continuous effects are reported
as mean differences with 95% confidence intervals, except for latency and other
time-based outcomes, which are reported as median differences with 95% confidence
intervals. Interpretation considers effect magnitude, interval width, seed consistency,
and agreement across paired conditions rather than statistical significance alone.

5.8 Implementation, Calibration, and Reproducibility

Table 4 reports the software, model, training, calibration, planning, and evaluation
settings. Values selected through model selection remain fixed during locked testing.

Input-normalization statistics are estimated from the training partition and frozen
before validation. For each uncertainty-aware checkpoint, Qepi and Qale are estimated
through a no-gradient pass over the fixed calibration manifest. The raw uncertainty
components are pooled across episodes, rollout starts, and prediction steps; the ref-
erences are recomputed once after checkpoint selection and then frozen for locked
testing.

Checkpoint selection maximizes mean SPL on the model-selection manifest, with
collision rate as the tie breaker. Penalty coefficients, planning settings, and trigger
thresholds are selected on the same manifest and remain fixed during locked testing.
Evaluation uses deterministic policy actions without dropout, gradient updates, or
online adaptation, while the predictive ensemble remains active for uncertainty estima-
tion. Reported end-to-end latency includes preprocessing, posterior inference, rollout
monitoring, triggered planning, action transmission, and PX4 communication.

6 Results

Overall metrics aggregate the six locked-test conditions (C1–C6) across five indepen-
dent training seeds, with 60 episodes per condition and seed. Condition-specific results
are identified in the corresponding tables and figures.

6.1 System-Level Navigation Performance

Table 5 reports success under the six locked-test conditions together with overall
collision rate, SPL, and long-route success. UG-BWM is compared with TD3, recurrent
PPO, DreamerV3, and DreamerV3-CU using identical paired manifests.
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Table 4 Implementation, calibration, and evaluation settings.

Group Setting Value
Software Simulator, flight stack,

middleware, operating system,
and precision

Gazebo Harmonic; PX4 SITL; ROS 2
Jazzy; Micro XRCE-DDS; Ubuntu
24.04; FP32.

Hardware CPU, GPU, host memory, and
GPU memory

Intel Core i9-13900K; NVIDIA RTX
4090 (24GB); 64GB RAM.

Sensing and
control

RGB resolution; camera,
estimator, and high-level
control rates

64× 64 pixels; 15 Hz; 50 Hz; 10 Hz.

Action limits Body-frame velocity and yaw
rate

vmax = 2.0 m/s; ψ̇max = 1.2 rad/s.

Encoders Visual, auxiliary, action, and
missing-camera representations

Impala CNN with three residual
blocks; MLP auxiliary encoders;
learned 64-dimensional no-camera
embedding.

Latent model Deterministic dimension,
stochastic dimension, and
log-standard-deviation bounds

dh = 512; d = 128; log σ ∈ [−8, 2].

Ensemble Predictive members and
sequence-bootstrap probability

M = 5; pboot = 0.70.

Replay and
training

Replay capacity, sequence
length, batch size, and
interaction budget

5× 105 transitions; 50 steps; 32
sequences; 1.5× 106 real simulator
steps.

Optimization Learning rates, optimizer,
gradient clipping, and target
update

World model 3× 10−4; actor and critic
1× 10−4; Adam; clipping at 100;
target rate 0.01.

Imagination Horizon and discount H = 15; γ = 0.99.
World-model
losses

λI , λη, λg, λKL, λr, λc 1.0, 0.5, 0.5, 1.0, 1.0, 1.0.

Decision
objective

λrisk, λunc, α, βc 0.3, 0.15, 0.5, 0.8.

Calibration Manifest size, rollout starts,
horizon, quantile, and refresh
interval

90 episodes; 1800 starts; H = 15;
empirical 0.95 quantile; every 500
world-model updates.

Replanning Hmon, Hp, N,Σplan 8; 12; 64; 0.22I.
Trigger
thresholds

τon, τoff and collision-trigger
thresholds

τon = 0.70, τoff = 0.45; collision
threshold selected on model-selection
manifest.

Visual severity Fog, illumination, motion blur,
and occlusion ranges (clear →
severe)

Fog visibility (m): [200, 100, 50, 10];
Illumination multiplier: [1.0, 0.6, 0.3,
0.1]; Blur kernel size: [1, 7, 11, 15];
Occlusion fraction: [0.0, 0.1, 0.2, 0.3].

Camera
blackout

Blackout duration and recovery
settings

Duration: 5–20 s with 10 s median;
Recovery: gradual over 2–5 s;
Scheduled onset: random within first
half of episode.

Evaluation Training seeds, episodes per
primary condition, and
prediction horizons

5; 60 per seed; h ∈ {1, 5, 10, 15, 20, 30}.

Figure 3 presents the condition-wise results with confidence intervals and shows the
variation across independently trained seeds. The estimated overall success difference
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Table 5 Navigation performance across the locked-test conditions. Success rates are reported for
C1–C6; the remaining columns aggregate all primary-test episodes.

Method C1 C2 C3 C4 C5 C6 Collision SPL Long-route success

TD3 0.52 0.31 0.28 0.24 0.22 0.18 0.39 0.34 0.17
Recurrent PPO 0.63 0.44 0.41 0.36 0.33 0.30 0.30 0.42 0.27
DreamerV3 0.70 0.52 0.48 0.43 0.40 0.36 0.24 0.49 0.33
DreamerV3-CU 0.75 0.59 0.54 0.48 0.45 0.43 0.20 0.54 0.38
UG-BWM 0.81 0.68 0.63 0.58 0.55 0.52 0.15 0.62 0.47

Fig. 3 System-level navigation performance. Panels (a)-(c) compare success, collision rate, and SPL
across the six locked-test conditions; error bars indicate 95% confidence intervals. Panel (d) shows
seed-level variation in overall success with uncertainty bands.

between UG-BWM and DreamerV3-CU was 0.09, while the corresponding collision-
rate and SPL differences were -0.05 and 0.08, respectively. Compared with TD3, UG-
BWM achieved a 34 percentage-point improvement in success rate (0.63 vs. 0.29).

The planned contrasts are reported in Table 6. The primary comparison
uses DreamerV3-CU because it contains uncertainty-aware imagined learning but
excludes explicit posterior-confidence input and deployment-time replanning. UG-
BWM improved success, collision rate, and SPL relative to all four baselines. The
largest success difference was observed against TD3, whereas DreamerV3-CU provided
the closest comparison.
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Table 6 Planned system-level contrasts. Differences are calculated as UG-BWM minus the stated
baseline and reported on the 0–1 rate scale.

Contrast Success ∆ Adjusted OR 95% CI Collision ∆ SPL ∆ Corrected p

UG-BWM vs. TD3 0.34 4.12 [3.21, 5.28] -0.24 0.28 < 0.001
UG-BWM vs. recurrent PPO 0.22 2.78 [2.22, 3.48] -0.15 0.20 < 0.001
UG-BWM vs. DreamerV3 0.15 2.05 [1.67, 2.52] -0.09 0.13 < 0.001
UG-BWM vs. DreamerV3-CU 0.09 1.48 [1.21, 1.81] -0.05 0.08 0.001

Fig. 4 Effect of mission horizon on navigation performance. Panels (a) and (b) report success rate
and SPL for short, medium, and long routes. Panel (c) shows the empirical probability of remaining
nonterminal as the number of high-level decision steps increases; dashed vertical lines indicate the
median time to the first terminal event for UG-BWM and DreamerV3-CU.

6.2 Mission-Horizon Performance

Figure 4 examines navigation performance across short, medium, and long routes.
Success decreased with route length for every method. UG-BWM achieved success
rates of 0.80, 0.62, and 0.47 on short, medium, and long routes, respectively, compared
with 0.70, 0.53, and 0.38 for DreamerV3-CU. The corresponding UG-BWM advantages
were 0.10, 0.09, and 0.09, showing that the improvement was retained as mission length
increased.

SPL also decreased with route length, while UG-BWM remained higher than
DreamerV3-CU in every route class. UG-BWM obtained values of 0.77, 0.61, and 0.48
on short, medium, and long routes, respectively, compared with 0.70, 0.53, and 0.39
for DreamerV3-CU. The corresponding averages match the overall SPL values of 0.62
and 0.54 reported in Table 5.

Figure 4(c) shows the empirical probability of remaining nonterminal as the num-
ber of high-level decision steps increases. UG-BWM retained the highest nonterminal
probability throughout the evaluated duration. The median time to the first termi-
nal event was approximately 200 high-level steps for UG-BWM and 170 steps for
DreamerV3-CU.

6.3 Robustness to Visual Degradation

Success declined as fog, illumination reduction, motion blur, and partial occlusion
became more severe. UG-BWM maintained the highest success rate at every tested
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Fig. 5 Success rate under increasing fog, illumination reduction, motion blur, and partial occlusion
severity.

severity level, as shown in Fig. 5. Under the combined Test-OOD stress condi-
tion, which includes unseen geometry and compound visual degradation, UG-BWM
achieved a success rate of 0.49, a collision rate of 0.29, and an SPL of 0.38.

6.4 Posterior-Confidence Evaluation

Near-term failure probability increased from 0.05 in the lowest posterior-uncertainty
decile to 0.55 in the highest decile. Posterior uncertainty also increased to 0.72
during severe visual degradation and 0.85 during camera blackout. In the con-
trolled interventions, the correct-covariance variant improved success by 0.06 over the
constant-covariance control, 0.04 over the shuffled-covariance control, and 0.09 over
the separately trained no-covariance model. These results are presented in Fig. 6 and
Group A of Table 8.
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Fig. 6 Posterior uncertainty across failure-risk deciles, visual-evidence changes, and controlled
covariance interventions.

6.5 Predictive-Uncertainty Evaluation

6.5.1 Reliability across imagined horizons.

Prediction errors increased with rollout depth for both methods, while uncertainty–
error correlation and failure AUROC decreased. UG-BWM maintained lower pre-
diction errors and stronger uncertainty-quality metrics at every evaluated horizon,
including beyond the actor-training horizon H = 15.

At h = 15, UG-BWM achieved a latent prediction error of 0.52, an uncertainty–
error correlation of 0.55, a prediction-interval coverage error of 0.07, and an AURC
of 0.28. The corresponding DreamerV3-CU values were 0.58, 0.47, 0.11, and 0.36.
At h = 30, UG-BWM retained lower latent prediction error, coverage error, and
AURC, with values of 0.89, 0.12, and 0.42 compared with 0.92, 0.18, and 0.52. Its
uncertainty–error correlation also remained higher at 0.41 compared with 0.34.

Using the rollout uncertainty statistic R
(Hu)
t with Hu = 15, UG-BWM achieved

near-term failure AUROC values of 0.86 under clear ID conditions, 0.78 under severe
visual degradation, 0.74 under unseen geometry, and 0.72 during camera blackout.
The complete horizon-wise results are reported in Table 7.

6.5.2 Response to visual and structural shift.

Ensemble disagreement responded more strongly to structural novelty, increasing from
0.15 in ID-clear states to 0.52 in OOD-clear states and 0.78 in OOD-degraded states.
The estimated visual and structural effects were 0.28 and 0.35, with an interaction of
−0.04. Conditional predictive variance increased from 0.12 in ID-clear states to 0.38 in
ID-degraded states and 0.55 in OOD-degraded states. Its visual and structural effects
were 0.23 and 0.20, with an interaction of −0.06.

The combined predictive-uncertainty score increased from 0.14 in ID-clear states
to 0.43, 0.46, and 0.70 in ID-degraded, OOD-clear, and OOD-degraded states, respec-
tively. Realized rollout error followed the same condition ordering, increasing from
0.22 to 0.45, 0.55, and 0.78. Both quantities were highest when visual degradation and
structural novelty occurred simultaneously.
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Fig. 7 Predictive accuracy and uncertainty quality across imagined horizons. The vertical marker
at H = 15 indicates the actor-training horizon.

Table 7 Predictive accuracy and uncertainty quality across imagined horizons for UG-BWM and
DreamerV3-CU.

Method Metric h = 1 h = 5 h = 10 h = 15 h = 20 h = 30

UG-BWM

Latent prediction error 0.08 0.21 0.38 0.52 0.67 0.89
Reward MAE 0.06 0.14 0.23 0.31 0.38 0.49

Collision Brier score 0.04 0.08 0.13 0.18 0.22 0.29
Uncertainty–error Spearman ρ 0.72 0.68 0.61 0.55 0.49 0.41

Prediction-interval coverage error 0.02 0.04 0.06 0.07 0.09 0.12
AURC 0.08 0.14 0.22 0.28 0.34 0.42

Failure AUROC 0.86 0.81 0.76 0.71 0.66 0.58

DreamerV3-CU

Latent prediction error 0.12 0.28 0.45 0.58 0.72 0.92
Reward MAE 0.08 0.18 0.28 0.36 0.44 0.54

Collision Brier score 0.06 0.11 0.16 0.22 0.27 0.34
Uncertainty–error Spearman ρ 0.65 0.60 0.53 0.47 0.41 0.34

Prediction-interval coverage error 0.04 0.06 0.09 0.11 0.14 0.18
AURC 0.12 0.19 0.28 0.36 0.43 0.52

Failure AUROC 0.79 0.74 0.68 0.63 0.58 0.50

6.6 Uncertainty-Guided Imagined Learning

With deployment replanning disabled, the state-dependent penalty achieved a success
rate of 0.60, a collision rate of 0.18, an SPL of 0.59, and a long-route success rate of 0.43.
Success exceeded the no-penalty, matched-constant, and shuffled-uncertainty controls
by 0.08, 0.06, and 0.05, respectively. Removing the conservative collision adjustment
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Fig. 8 Normalized ensemble disagreement, conditional predictive variance, combined predictive
uncertainty, and realized rollout error under visual degradation and structural novelty.

reduced success to 0.58 and increased the collision rate to 0.21. The advantage of the
state-dependent penalty remained across short, medium, and long routes. Figure 9
and Group C of Table 8 report the complete results. The state-dependent variant
corresponds to the no-replanning configuration in Table 9.

6.7 Selective Replanning and Computational Cost

The predictive-uncertainty trigger activated the candidate planner on 18% of control
steps and achieved a success rate of 0.63, a collision rate of 0.15, and an SPL of 0.62.
Random, periodic, and collision-risk activation used comparable planning rates of 0.19,
0.18, and 0.17, but achieved lower success rates of 0.61, 0.61, and 0.62, respectively.

The predictive-uncertainty trigger selected states with a mean realized rollout error
of 0.89, compared with 0.76 for random activation, 0.74 for periodic activation, and
0.80 for collision-risk activation. Removing hysteresis increased the switch rate from
0.08 to 0.23 and the planning rate from 0.18 to 0.24.
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Fig. 9 Navigation effects of the imagined objective controls with deployment replanning disabled.
Panel (a) reports aggregate success and collision rates, and panel (b) reports success across route
classes.

Table 8 Unified ablation results. Groups A and B use complete UG-BWM as the reference; Group
C disables deployment replanning. Metrics aggregate C1–C6.

A. Posterior-confidence interface
Variant Success Collision SPL Long-route success Effect vs. reference Corrected p

Correct covariance 0.63 0.15 0.62 0.47 Reference –
Constant covariance 0.57 0.21 0.56 0.40 -0.06 < 0.001
Shuffled covariance 0.59 0.19 0.58 0.42 -0.04 < 0.001
No-covariance architecture 0.54 0.24 0.53 0.37 -0.09 < 0.001

B. Predictive-uncertainty composition
Variant Success Collision Uncertainty–error ρ AURC Effect vs. reference Corrected p

Single predictive head 0.57 0.20 0.38 0.39 -0.06 < 0.001
Ensemble disagreement only 0.59 0.18 0.49 0.32 -0.04 < 0.001
Conditional variance only 0.60 0.17 0.51 0.30 -0.03 0.002
Combined score 0.63 0.15 0.55 0.28 Reference –

C. Imagined-objective controls (Replanning disabled)
Variant Success Collision SPL Long-route success Effect vs. reference Corrected p

No uncertainty penalty 0.52 0.26 0.51 0.35 -0.08 < 0.001
Matched constant penalty 0.54 0.24 0.53 0.37 -0.06 < 0.001
Shuffled uncertainty penalty 0.55 0.23 0.54 0.39 -0.05 < 0.001
State-dependent penalty 0.60 0.18 0.59 0.43 Reference –
Without conservative collision adjustment 0.58 0.21 0.57 0.41 -0.02 0.031

Always-plan matched the success, collision rate, and SPL of the proposed trig-
ger but activated the planner at every control step. The proposed trigger therefore
achieved the same navigation performance with 82% fewer planner activations and
reduced decision-module P95 latency from 71 ms to 48 ms.

Table 9 reports the complete replanning and computational results. UG-BWM
required 14.6M parameters and 8.4 hours of training. Its complete observation-
to-command latency was 36 ms at the median and 63 ms at P95, with a 1.1%
deadline-miss rate under the 10-Hz control period. These measurements apply to the
workstation configuration in Table 4.
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Fig. 10 Navigation performance, planning frequency, trigger quality, and hysteretic activation under
the replanning strategies.

Table 9 Selective-replanning outcomes and computational cost. Part A compares activation
strategies across C1–C6; Part B reports method-level training and inference cost.

A. Replanning activation strategies
Strategy Success Collision SPL Planning rate Triggered-state error Switch rate Decision-module P95 latency (ms)

No replanning 0.60 0.18 0.59 0.00 – – 42
Random 0.61 0.17 0.60 0.19 0.76 0.38 48
Periodic 0.61 0.17 0.60 0.18 0.74 0.35 47
Collision-risk trigger 0.62 0.16 0.61 0.17 0.80 0.28 46
Predictive-uncertainty trigger 0.63 0.15 0.62 0.18 0.89 0.08 48
Without hysteresis 0.62 0.16 0.61 0.24 0.85 0.23 53
Always plan 0.63 0.15 0.62 1.00 0.86 0.00 71

B. Method-level computational cost
Method Parameters Training time End-to-end median latency (ms) End-to-end P95 latency (ms) Deadline misses

TD3 4.2M 2.1h 18 32 0.1%
Recurrent PPO 5.8M 2.8h 22 38 0.2%
DreamerV3 12.4M 6.5h 28 52 0.5%
DreamerV3-CU 13.1M 7.2h 32 58 0.8%
UG-BWM 14.6M 8.4h 36 63 1.1%
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7 Discussion

7.1 Navigation under Partial Observability and Visual

Degradation

UG-BWM maintained its advantage across the locked-test conditions and route
classes. The largest differences from DreamerV3-CU appeared under visual degra-
dation, missing observations, dynamic obstacles, and unseen geometry. Explicit
uncertainty information is therefore most useful when the current state and its future
evolution cannot be inferred reliably from observation history alone.

Long-horizon navigation is achieved through repeated finite-horizon imagination
and posterior correction, not through open-loop prediction over the complete mission.
Performance decreased with route length for all methods, but the advantage of UG-
BWM remained stable. The method also retained the highest success across the visual-
degradation sweeps, although its performance declined under severe and combined
shifts. UG-BWM therefore reduces sensitivity to degraded sensing but does not remove
it.

7.2 Decision Relevance of Posterior Confidence

Posterior covariance changed with near-term failure risk and the quality of the avail-
able visual evidence. The controlled interventions provide stronger evidence of its
decision relevance. Replacing the correct covariance with constant or shuffled values
reduced navigation performance. Because shuffling preserved the covariance distribu-
tion while breaking its association with the current belief, the result indicates that
state-dependent confidence matters more than simply providing an additional input
vector.

The no-covariance architecture also performed worse, supporting the explicit confi-
dence interface. These findings do not establish that posterior covariance is a calibrated
probability of navigation failure. It is better viewed as a decision-relevant confidence
signal whose reliability may weaken under distribution shift [59, 60].

7.3 Predictive-Uncertainty Reliability and Composition

Prediction quality deteriorated as the rollout horizon increased. Nevertheless, pre-
dictive uncertainty remained positively associated with realized error beyond the
actor-training horizon. This association weakened at longer horizons, so the uncer-
tainty score can rank less reliable rollouts but should not be treated as equally
informative at all rollout depths.

The two uncertainty components responded differently to distribution shift.
Ensemble disagreement showed the stronger response to structural novelty, whereas
conditional predictive variance responded more strongly to degraded vision. Both
reached their highest values when visual and structural shifts occurred together, where
rollout error was also largest.

The combined score performed better than either component alone, supporting
their joint use. The distinction between disagreement and conditional variance remains
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operational, however. The results do not establish a unique physical decomposition
into epistemic and aleatoric uncertainty.

7.4 Uncertainty-Guided Imagined Learning

The matched-constant and shuffled controls distinguish transition-specific uncertainty
guidance from general conservatism. Both performed worse than the state-dependent
penalty. The constant control preserved a similar average penalty, while the shuffled
control preserved its distribution but removed its association with individual imagined
transitions. The benefit therefore depends on where uncertainty occurs within the
rollout, not only on reducing imagined rewards overall.

Removing the conservative collision adjustment also reduced performance. Pre-
dictive uncertainty and collision probability provide different information: predictive
uncertainty reflects reduced confidence in the latent transition, whereas the col-
lision head estimates a specific adverse event. Their separate penalties allow the
policy to account for both model reliability and predicted safety risk, consistent with
uncertainty-aware MBRL [21].

The benefit of the state-dependent penalty remained across all route classes,
indicating that it supports policy learning generally rather than only during long
missions.

7.5 Selective Replanning and Computational Trade-Off

At comparable planning rates, the predictive-uncertainty trigger selected states with
higher realized rollout error than random, periodic, or collision-risk activation. It also
achieved the strongest navigation performance among the matched-rate strategies.
Predictive uncertainty therefore provides useful information about when the nominal
rollout is unreliable and additional planning is beneficial.

The proposed trigger matched always-plan performance while activating the plan-
ner on only 18% of control steps. This result is specific to the tested candidate budget,
thresholds, environments, and hardware; it does not imply that selective planning will
always equal continuous planning. Hysteresis further reduced rapid switching without
lowering navigation performance.

UG-BWM required more parameters and training time than the baselines. Its
measured latency supported the evaluated 10-Hz control loop on the RTX 4090 work-
station, but these results do not establish real-time feasibility on embedded UAV
hardware. The latency advantage over always-plan arises from less frequent planner
use rather than a smaller world model.

7.6 Limitations and Future Evaluation

The study is limited to simulation. Gazebo and PX4 SITL provide controlled and
repeatable testing, but they cannot reproduce all camera artifacts, aerodynamic dis-
turbances, estimator failures, and timing constraints encountered during physical
flight. Hardware experiments are needed to evaluate UG-BWM under real sensor and
dynamics shifts.
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The predictive ensemble is represented by a single Gaussian through first-two-
moment matching. This supports efficient rollouts but may hide multiple plausible
future outcomes. Multimodal predictive beliefs could preserve these alternatives at a
higher computational cost.

The uncertainty-normalization references and replanning thresholds are fixed dur-
ing testing. Their reliability may decrease under shifts that differ from the calibration
data or over longer rollouts [60]. Adaptive calibration should therefore be examined
without using privileged test information.

UG-BWM reduces collision risk empirically but does not enforce a hard safety
constraint or provide a formal guarantee. Future work should evaluate the method on
physical UAVs, examine multimodal beliefs and adaptive calibration, and integrate
explicit safety constraints.

8 Conclusion

This work presented UG-BWM for long-horizon UAV navigation under partial observ-
ability and visual degradation. The method represents confidence in the current
posterior belief, propagates predictive uncertainty through imagined rollouts, uses this
uncertainty during policy learning, and selectively activates deployment-time planning.

Across six locked-test conditions, UG-BWM achieved a success rate of 0.63, a colli-
sion rate of 0.15, and an SPL of 0.62, outperforming the closest controlled baseline. The
controlled tests showed that posterior confidence, combined predictive uncertainty, and
the state-dependent uncertainty penalty each contributed to navigation performance.
Predictive uncertainty remained associated with rollout error beyond the training hori-
zon, while uncertainty-triggered replanning matched always-plan performance with
82% fewer planner activations.

These results support uncertainty-explicit belief modeling and selective planning
for navigation under degraded sensing. Physical UAV experiments and integration
with explicit safety constraints are needed to assess the method beyond simulation.
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