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EIRM-RL: Epistemic Integrity Risk Monitoring Inspired Safe

Reinforcement Learning for Trustworthy Autonomous Navigation

Yuanyuan Zhang, Yingying Wang, and Weisong Wen, Member, IEEE

Abstract—Reinforcement learning (RL) has shown great po-
tential for autonomous navigation within internet of things (IoT)
environments, where various and changing uncertainties pose
significant challenges for safe, real-world deployment. Existing
safe RL methods typically employ heuristic constraints while
neglecting the combined impact of multiple uncertainty sources,
reducing robustness and interpretability. Drawing on concepts
from global navigation satellite system (GNSS) integrity mon-
itoring, this paper proposes an epistemic integrity risk moni-
toring reinforcement learning (EIRM-RL) framework to enable
trustworthy autonomous navigation under uncertainty. EIRM-
RL extends the GNSS protection level concept to RL by utilizing
an assembled world model that quantifies and incorporates sensor
noise, systematic bias, and epistemic uncertainty. Furthermore,
the framework continuously monitors a dynamic epistemic risk
probability, which is incorporated into policy optimization as an
adaptive safety constraint via Lagrangian duality. This method
enables the agent to proactively avoid hazards and effectively
balance safety and performance, even in highly uncertain en-
vironments. Extensive experiments demonstrate that EIRM-
RL achieves superior success rates, collision avoidance, and
robustness compared to state-of-the-art safe RL methods, while
maintaining high efficiency.

Index Terms—Reinforcement learning (RL), integrity risk
monitoring, epistemic uncertainty, trustworthy autonomous nav-
igation, unmanned ground vehicle.

I. INTRODUCTION

ITH the rapid advancement of the internet of things

(IoT), domains such as smart cities and autonomous
transportation increasingly rely on trustworthy autonomous
navigation [1]. Ensuring both high performance and safety in
dynamic, uncertain, and safety-critical environments remains
a central challenge for autonomous navigation systems. For
instance, sensor observations are inherently vulnerable to
various sources of uncertainty, including random noise [2],
systematic bias [3], and environmental interference [4], which
collectively pose substantial threats to the safety and reliability
of autonomous agents. Consequently, developing a trustworthy
navigation algorithm that balances efficiency, adaptability, and
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safety within multi-source uncertain environments has become
a central research focus.

Model-based Trustworthy Autonomous Navigation: Model-
based methods, including model predictive control (MPC) [5],
[6], differential game theory [7], and adaptive robust optimiza-
tion [8], form the classical optimization core of trustworthy
navigation. These methods transform navigation tasks into
constrained optimization problems, enabling provable safety
certification of predefined safety attributes during system op-
eration through forward reachability sets [9] or control barrier
functions (CBF) [10]. However, their performance remains
highly dependent on the accuracy of system dynamics and
environmental modelling. Furthermore, in highly dynamic or
uncertain scenarios, such as human-machine interaction or un-
structured terrain, these models may fail or incur prohibitively
high computational costs, limiting their real-time applicability.

Learning-based Trustworthy Autonomous Navigation: Re-
cently, learning-based methods have garnered significant at-
tention in autonomous navigation, particularly reinforcement
learning (RL). RL enables agents to optimize navigation po-
lices through direct environmental interaction without relying
on predefined maps or manual rules, effectively handling
perception-intensive complex tasks [11], [12]. Nevertheless,
deploying learning-based methods, particularly RL in safety-
critical scenarios, remains challenging due to the unexplain-
able black box nature. Uncertainties arising from sensor noise,
environmental disturbances, and model limitations may distort
perception and misguide policy decisions [13]. The random-
ness of RL exploration [14], [15] further exacerbates safety
risks when observations are uncertain or degraded. More and
more research has focused on safe RL methods, which are
broadly categorized into safe model-free RL (SMFRL) and
safe model-based RL (SMBRL) paradigms. SMFRL typically
employs constrained Markov decision process (CMDP) mod-
elling [16] and utilises Lagrangian optimization [17], [18]
to enforce safety constraints. Alternative methods include
distributional RL [19] and safety layers [20], which aim to
confine exploration within safety boundaries. However, these
methods typically rely on empirical cost estimation or expert
knowledge [21], limiting their generalisability and robustness
in complex environments.

On the other hand, SMBRL methods enhance sample
efficiency and enable proactive risk mitigation by learning
environment dynamics [22]. Trajectory prediction-based meth-
ods, such as safe model predictive control [23], [24], use
learned dynamics to forecast future states and enforce safety
constraints, providing theoretical guarantees under precise
dynamics models. Uncertainty-aware frameworks using prob-
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Fig. 1. Schematic diagram of the EIRM-RL: the agent receives noisy RGB images and relative goal information, extracts latent features, and interacts with

the environment through an EIRM-constrained RL policy. The EIRM module quantifies multi-source uncertainty and imposes safety constraints during both

policy optimization and action execution.

abilistic ensembles [25], [26] or adversarial imagination [27],
further quantify epistemic uncertainty to guide safe decisions.
However, most SMBRL methods handle only limited forms
of uncertainty and may become overly conservative or less
effective when models are inaccurate. Moreover, robust RL
methods such as adversarial training [28] and ensemble-based
uncertainty quantification [29] often lack principled mech-
anisms for real-time dynamic risk boundary control. Thus,
achieving a unified and interpretable safe RL framework that
systematically captures multi-source uncertainty remains an
open problem.

To address this gap, we draw inspiration from global nav-
igation satellite systems (GNSS), where integrity monitoring
(IM) [30], [31] provides a rigorous framework for quantifying
the reliability of state estimates and issuing timely alerts under
measurement noise and systematic bias [32]. Leveraging the
concepts of protection level (PL) and alert limit (AL), GNSS
IM ensures reliable risk quantification and safety assurance.
Inspired by this, we propose extended IM concepts to safe
RL for trustworthy decision-making in dynamic and uncertain
environments. In this paper, we propose a novel SMBRL
framework termed Epistemic Integrity Risk Monitoring in-
spired Reinforcement Learning (EIRM-RL). EIRM-RL inte-
grates GNSS IM principles into the world model, system-
atically quantifying multiple risk sources through an inter-
pretable EIRM model. This model serves as a dynamic safety
constraint within policy optimization, utilizing Lagrangian
duality to adaptively balance safety and performance. Our
method significantly enhances safety and generalization in
high-uncertain environments, providing both theoretical and
practical solutions for safe RL.

The contributions of this paper are listed as follows:

(1) This paper proposes the EIRM model by integrating
GNSS IM with world modelling. By extending the integrity
limit PL, sensor noise, system bias, and epistemic uncertainty

of the model are systematically incorporated into a unified risk
assessment, enabling high-confidence uncertainty evaluation in
complex dynamic environments.

(2) This paper develops a novel EIRM-RL framework that
integrates EIRM-based risk monitoring into policy learning via
Lagrangian dual optimization, enabling real-time adaptation
between task performance and safety. This framework can
adaptively adjust the safety boundary, effectively overcoming
the limitations of static thresholds and empirical rules.

(3) This paper systematically evaluates the proposed EIRM-
RL method in a variety of complex simulation and real-
world environments. The experimental results demonstrate that
EIRM-RL outperforms existing baselines in terms of safety,
mission success rate, and robustness, verifying its trustworthi-
ness and practicality in safety-critical tasks.

The remainder of this article is organized as follows. Section
II provides a detailed description of the EIRM-RL framework.
Following this, Section III outlines the experimental setup and
evaluation metrics. The results and analysis are presented in
Section IV. Finally, the main conclusions and future work are
discussed in Section V.

II. METHODOLOGY
A. Overview

This section presents the EIRM-RL framework, as shown in
Fig. 1. The EIRM module, built on an ensemble world model,
calculates the extended PL by combining bias, noise, and
model uncertainty, and compares it with an AL for real-time
safety assessment. Policy optimization maximizes task rewards
while keeping EIRM risk below a set threshold, ensuring
only actions that meet the safety constraint are executed for
robust navigation. During environment interaction, the agent
encodes its state with stacked RGB images and relative goal
information. To simulate worst-case sensor failures, random
disturbances are added to these states, and the resulting noisy
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states are used as inputs for both the world model and the
policy. This design enables thorough evaluation of robustness
and safety in challenging, real-world scenarios.

B. Problem Formulation

The interaction loop between safe model-based DRL and the
environment can be described using a CMDP [33], represented
as the 6-tuple (S, A, P,r,c,~). Both state space S and action
space A are bounded and continuous; the initial state set is
denoted as Sp; P represents the state transition probability; r :
S x A — R is the reward; c is the cost function defined as ¢ =
1 if the state constraint h(s;) < 0 is violated and 0 otherwise;
~v € (0,1) serves as the discount factor; a deterministic policy
7 : S — A chooses action variable a; at state variable s; at
time step t. The CMDP computes the cumulative reward by
constructing an action-value function Q™ (s, a;) which can be
expressed using the Bellman equation [34]:

Q" (st,ar) =r(s,ar) + E [WH;%X]E[Qﬁ(SHl, ar1)]

=E lzfytr(st,at)l .
t=0

1) State space: The state space S consists of two compo-
nents: the visual state Sy;5, which represents information about
the surrounding environment, and the relative information Sngal
between the unmanned ground vehicle (UGV) agent and the

goal point. This can be represented as

S = [Svis: St - 2)

(D

Specifically, Syis is captured by stacking the most recent three
raw RGB images i captured by the fisheye camera

; 3)

where I, denotes the stacked RGB image at time ¢, with a
height H of 128 pixels and a width W of 160 pixels. This
image sequence is processed by a deep convolutional encoder
®y .. to extract a latent representation

zt = Py, (I1), )

where z, € R” is an L-dimensional visual feature vector and
Pconv denotes the encoder parameters. Thus,

Svis = [2t]. ®)

In addition, we add pixel-level Gaussian noise to the input
images to simulate visual disturbances in real-world envi-
ronments, thereby learning a more robust and transferable
navigation strategy.

The goal-related state Sngal is represented by the relative
features between the UGV agent’s real-time state and the goal
point’s state

I = [i;—2, iy—1, i) € R3XHxWx3

Sgoa = [Ady, Ay, (6)

goal —

where Ad; and Ay represent the normalized relative distance
and heading error, respectively. The normalized relative dis-
tance Ad; is calculated by

Adt — ||pgoal - pt||2 (7)

)
dmax

where Pgoal = (Pgoa1 Phoat) @nd Pr = (pf,pf) are the 2D
coordinates of the goal point and the UGV at time ¢, || - ||2
represent euclidean norm operation, and dp,x denotes the
normalized maximum distance gap. The relative heading A,
is obtained by computing the angular difference between the
UGV’s orientation and the direction towards the goal. The
normalized relative heading error is calculated as

Ap; = % - wrap (arctanQ(pgoal — DYs Dol — PE) — F)t) ,
®)
where 6, is the UGV’s heading angle, and wrap(-) wraps the
angle to (—, 7.
2) Action space: The action space A is defined as the
control variables of the UGV motion, including the linear
velocity and the angular velocity

A - [Vta wt]v (9)

where v, € [0,1.2lm/s denotes the linear velocity, and
w; € [—2,2]rad/s denotes the angular velocity. The bounds
for these commands are determined based on the specific
characteristics of the experimental platform, specifically the
Agilex ScoutMini mobile robot (see Section III-A2). These
two actions are used to achieve continuous control of the UGV.
The actions are sent to the environment every 0.1 seconds.

3) Reward function: The reward function defines the
agent’s learning objective, balancing task efficiency and colli-
sion avoidance through continuous guidance signals and event-
driven incentives.

First, the proximity reward rpox Will encourage the agent
to reduce the Euclidean distance to the goal:

Tprox = ap(Hptfl - pgoaIHQ - ||Pt - pgoalH2)a (10)

where «, is a scaling factor.

Second, the UGV agent will receive a motion efficiency
reward 7oy that promotes smooth navigation by rewarding
forward velocity v; and penalizing angular velocity w;:

Y

Tewl = Ve — ac‘wtla

where a. controls the penalty for rotation.

Third, a goal-reaching reward rg. will be given when
the UGV reaches the goal point within a distance threshold.
Similarly, a collision penalty 7., imposes a negative reward
when a collision is detected. They are designed as follows:

Cy, if Ad; <e,
Tsuce = . (12)
0, otherwise.
Cy, if collision occurs,
Teoll = . (13)
0, otherwise.

where € is a predefined distance threshold, C; (e.g., 100) and
C5 (e.g., -100) are constant value.

In summary, at each time step ¢, the reward r can be
formulated as

(14)

T = Tprox + Tewd + Tsuce + Teoll-
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C. Epistemic Integrity Risk Monitoring Algorithm

In real-world applications, observed states are frequently
affected by noise, including random errors, sensor bias, and
drift. To emulate such sensor imperfections and potential
failures, random Gaussian noise with varying bias is added
to the input state s; of the world model during training. The
noisy observed state S; is modeled as

S¢ =8y + by + ¢, (15)

where s; denotes the true underlying state, b; represents a
bounded additional bias sampled from a uniform distribution
by ~ U(bP™ b)) and €; ~ N(0,07) is modeled as zero-
mean Gaussian noise with a standard deviation o; drawn from
a uniform range o; ~ U(o}™™, 03®). The bias b reflects
systematic errors commonly found in sensor measurements,
such as those caused by landmark detection inaccuracies,
global positioning system (GPS) signal reflections, or drift in
inertial measurement units.

To capture both epistemic and aleatoric uncertainty in
environmental dynamics and safety cost prediction, EIRM-
RL adopts an ensemble of N diagonal Gaussian models
parameterized by ¢; to model the environment dynamics,
denoted as {My,}),. Each model M, predicts the next
state 8;y1 and the immediate safety cost ¢; as a joint Gaussian
distribution conditioned on the current state s; and action a;:

M@ (ét+17Ct|§t7at) = N(qui (gt, at)70ii (gt7at))a (16)

where c¢; denotes the probability of safety violations,
1, (8t,a;) and o7 (S¢,a;) denote the predicted mean and
variance matrix of the predicted Gaussian distribution, respec-
tively.

During world model training, each sub-model in the ensem-
ble is initialized randomly and updated with different mini-
batches selected from the real environment interaction reply
buffer Bye,. The models are optimized by minimizing the
negative log-likelihood loss:

£(0) = ~Eis, aer 50~ [108 M, G100 | 510)]

a7
where s;41 represents the true next state. Therefore, the world
model generates synthetic transitions via recursive sampling:

§t+170t ~ M¢i('|§t,at)- (18)

The synthetic transition is injected into the virtual replay buffer
Byix and used together with the real transition for policy
training to reduce the reliance on real environment interaction
and reduce the risk of unsafe exploration. By enhancing the
training data, the synthetic trajectory improves the sample
efficiency and provides uncertainty quantification support for
subsequent risk monitoring and decision-making.
Additionally, inspired by the IM concept of GNSS, EIRM-
RL proposes the EIRM model, which integrates the IM frame-
work with the world model to support safety-critical decision-
making. In GNSS, system integrity is defined as the degree of
trust in state estimates, ensuring the system promptly issues
alerts when the information is unreliable or degraded [32].
The IM framework is based on two core concepts: PL and

GNSS-PL EIRM-PL
ALgyes : Worst-case slope AL JI
T Ly e 2 79 Sl e gt S
PLgnss 1
Panse ‘ PL noise" . PL- pist
. " 1
PLb'as 7 : PL“blas :
| False Alarm |
1 1
Threshold Threshold
Fig. 2. Visual comparison of GNSS-PL and EIRM extended-PL. Left:

GNSS P Lgnss (dashed blue line) reflects the uncertainty range of position
information estimation (black ellipse) by accumulating P Lyise and P Lyqs,
which is lower than ALgyss (solid orange line). The threshold is defined by
the worst-case slope to avoid a false alarm. Right: EIRM P L, (dashed blue
line) inspired by P Lgnss incorporates P Lepias», P Lenoise” and P Leepise.

AL [35]. IM translates observation or model uncertainty into
a high-confidence bound, PL, which represents the maximum
potential deviation between the predicted and true states based
on error propagation theory. By comparing PL to AL, an
interpretable safety standard is established: PL < AL. This
mechanism quantifies the probability of undetected unsafe
states as [31]:

Pr = P(]s—s| > AL A No Alert) < 6, (19)
where Pir denotes the probability of an undetected integrity
risk, § and s are the estimated state and the true state,
respectively, J is specific threshold.

The conventional PL for GNSS is based on statistical
constraints on position estimation uncertainty, usually char-
acterized by a covariance matrix generated from measurement
errors, and is used to protect against worst-case position errors
due to measurement faults and noise. However, as shown in
Fig. 2, the PLgy of GNSS focuses only on measurement
noise P Ly and systematic bias P Ly;,s, whereas the extended
PL; of EIRM-RL goes further by integrating model epistemic
uncertainty P L«pis», Which can cover more complex decision
scenario, where uncertainty may come from other sources such
as model predictions, sensor biases, and complex environmen-
tal dynamics. Specifically, the extended PL is defined as the
root-sum-square (RSS) of these uncertainties, scaled by :

(20)

epist?

PLt = kecont - \/Ugias + O-Eoise +02
where 0f,., Onyier and o2 denote the variances attributed
to systematic bias, sensor noise, and model epistemic uncer-
tainty, respectively. The scaling factor kot = Q@ 1(1 — 7)
corresponds to the quantile of the standard normal distribution
that determines the desired statistical confidence level (e.g.,
keont = 1.96 when 1 = 0.05, corresponding to 95% confi-
dence), with Q~!(-) being the inverse cumulative distribution
function of the standard normal distribution. This extended PL
significantly improves the coverage of multi-source risks and
is particularly suitable for epistemic environments such as RL.

First, the systematic bias uncertainty is used to capture
the long-term accumulated bias risk, such as sensor drift and
calibration error. It is estimated by the upper bound of the
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uniform distribution variance of the known bias intervals b}*"
max.
and b***:

bmin

2 _ 1 Hbmax_ (2])

2
Obias — E H .
This explicit characterization ensures that worst-case bias
effects are reflected in the final risk estimate.

Second, the noise uncertainty arises from the irreducible
randomness inherent to sensor measurements and is quantified
by averaging the predictive covariance matrices across the
model ensemble.

E O'¢ st,at

Finally, the epistemic uncertainty reflects the prediction
divergence caused by the limited generalization ability of the
model or the limited distribution of training samples. To this
end, we first calculate the ensemble mean p; of the output
means of all sub-models under the input (S;, a;):

1
N Zﬂm(gt,at),
i=1

where pg, denotes the predicted mean from the i-th model.
Based on this, epistemic uncertainty can be quantitatively
expressed by the variance of the Euclidean distance between
the mean of each sub-model and the ensemble mean:

Z ([ (St ar)

where ||-||, denotes the Euclidean norm, which measures the
degree of dispersion between model outputs.

The EIRM model further incorporates the normalized im-
mediate safety cost

(22)

n01se -

(23)

= Bl (24)

epmt

PL,
AL

where A € [0, 1] balances uncertainty-based risk and empirical
safety cost and ¢; € [0,1]. The AL defines the maximum
allowable deviation between the estimated and true states
before triggering a safety alert, serving as a quantitative bound-
ary for integrity assurance. In this work, AL is determined
according to the UGV’s geometric clearance and task-specific
safety requirements. The specific AL values for different
environments are set out in Table III.

EIRM(St,at) =)\ (1 —

)+ (A=A, (25)

D. EIRM-Constrained Policy Optimization

The policy optimization goal of EIRM-RL is to balance
task performance and safety, maximizing the cumulative re-
ward while satisfying the constraints on EIRM risk during
navigation. Specifically, policy optimization is defined as the
following dual constrained optimization problem

max E [Z yir(st, at)] s.t.

t=0

=0
(26)

where egry denotes a predefined safety threshold.
To solve this problem efficiently, EIRM-RL uses the La-
grangian dual method to transform it into an unconstrained

> EIRM(s;, at)] < €BIRM,

optimization problem. Using Lagrange duality, the constrained

optimization is reformulated as
r(st,a;) + B (eemm — EIRM(sy,a¢))) |

Z 7 (
27)

where 5 > 0 is the Lagrange multiplier that dynamically
adjusts the trade-off between reward maximization and safety
constraints. The dual optimization problem is expressed as

min max L(m,B). (28)
The optimization process alternates between updating the pol-
icy, evaluating the value function, and adjusting the Lagrange
multiplier, ensuring a balance between task performance and
safety.

During training, 3 is updated iteratively to ensure that the
safety constraint is satisfied while maximizing the cumulative
reward. The dual update rule is expressed as:

iEIRM(St,at)‘| - GEIRM>) )

t=0 29)
where [; > 0 is the dual learning rate for 5. This update
ensures that 5 increases when the cumulative EIRM violations
exceed the safety threshold egryM, thereby enforcing the safety
constraint, and decreases otherwise to avoid overly conserva-
tive behaviors.

The computational procedure for the proposed EIRM-RL
algorithm is detailed in Algorithm 1.

B < max (O,B—i—ld (IE

III. EXPERIMENTAL VALIDATION

To evaluate the effectiveness and practicality of the proposed
EIRM-RL framework, we designed a goal-driven mapless
autonomous navigation task in both simulated and real en-
vironments. The goal is to guide a ground robot to a specific
target location while avoiding collisions under various uncer-
tain conditions.

A. Experimental Platform and Scenarios

1) Simulation Experiment: Simulation experiments are con-
ducted in Gazebo using a differential-drive UGV model,
as illustrated in Fig. 3. Three simulated environments are
designed to evaluate the proposed framework under increasing
complexity. The first is a static office scenario with cluttered
obstacles such as desks and chairs, as shown in Fig. 3(a). The
second is a dynamic canteen scenario containing both static
objects and multiple pedestrians moving at constant velocities
uniformly sampled between 0.5 m/s and 1.5 m/s, as shown in
Fig. 3(b). At the beginning of each episode, the UGV’s start
and goal positions are randomly assigned to enhance scene
diversity. The UGV is equipped with a fisheye RGB camera
for perception and a simulated laser rangefinder for collision
detection. Sensor uncertainties are introduced by adding Gaus-
sian noise to camera images and state observations, with noise
parameters varied to assess robustness, as detailed in Table I.
Level-0 employs zero-mean Gaussian noise, while Level-1 and
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Algorithm 1 EIRM-RL algorithm
Input: Real buffer B,.,; Virtual buffer B,i; Ensemble size
N; Confidence level a;; AL; EIRM safety threshold egrp;
Risk weight A
Output: Optimized policy 7
1: Initialize world model ensemble { M.}~ | with random
parameters ¢;, policy my; with parameters ¢,, Lagrange
multiplier 8 < 1, replay buffers B, and By
2: for each training iteration do

3: Current state s; from the environment
4: Sample bias b; ~ U™, b"**) and noise € ~
N(0,07)

5 Compute noisy state s; = s; + by + €; > Eq. (12)
6 Execute action a; = 7(S;) in environment

7: Observe reward 7, next state s;

8 Store transition (s, a;, r¢, St+1) in Breal

9

for i =1to N do

10: Sample mini-batches from Biey

11: Update ¢; by minimizing negative log-likelihood
loss > Eq. (15)

12: end for

13: Sample (S¢, a;) from buffer and Randomly select ¢ €
{1,...,N} A

14: Sample (8¢41,c¢) ~ Mo, (-[S¢, ar) > Eq. (16)

15: Store (gt, ag, Ct, §t+1) in By

16:  Compute 0, Tnyse and o5 > Eq. (20), 21), (23)

17: Compute keons = ®1(1 — 1)

18: Compute PL; and EIRM(s;, a;)
19: Update policy parameters ¢,

20: Update Lagrange multiplier 3
21: end for

22: return 7

> Eq. (19), (24)
> Eq. (27)
> Eq. (29)

Level-2 utilize biased Gaussian perturbations with increasing
severity, with Level-2 indicating a state close to sensor failure.

In addition, an unseen maze-like environment, shown in
Fig. 3(c), is designed to test policy generalization in unseen
spatial configurations. The scenario features irregular corri-
dors, multiple blind corners, and randomly placed dynamic
obstacles, creating a highly unstructured and previously un-
seen navigation environment. This scenario contains irregular
corridor layouts with passage widths of 0.6-1.2 meters and
dynamic obstacles that require both local avoidance and long-
range planning. The UGV is initialized randomly near the
entrance, while the goal is located at the far end, emphasizing
path efficiency and adaptability without applying any domain
randomization or fine-tuning.

The system is integrated using the robot operating system
(ROS), which also provides odometry-based goal information.
All simulations run on a workstation equipped with an Intel
Core i17-13700K CPU, 32 GB RAM, and an NVIDIA RTX
4070 GPU.

2) Sim-to-Real Experiment: The real-world platform is
based on the Agilex ScoutMini robot, as illustrated in
Fig. 4(c)-(d). The UGV is equipped with a fisheye RGB
camera (128x160 resolution, 210° field of view), an IMU,
and a NVIDIA Jetson Orin module for real-time inference,

Fig. 3. Tllustration of the simulation environments: (a) Static office scenario.
(b) Dynamic canteen scenario. (¢c) Unseen maze scenario for generalization
test.

-— L
Static obstacles

g | Static obstacles
[ ] 3

.

Dynamic
obstacles

(b)
Fig. 4. Illustration of the experiment scenarios: (a) Real-world static envi-
ronment with foam obstacles and two goal points. (b) Real-world dynamic

environment with human participants. The start area, goal areas, UGV and
obstacles are marked in each scenario.

®  Goal area

«s

powered by a mobile battery. ROS manages system integration
and data flow, while low-level control is performed via CAN
communication. In the static scene (Fig. 4(c)), foam blocks are
arranged to create narrow passages, and the UGV is required
to complete a two-stage navigation task. Specifically, it starts
from the origin, first navigates to the intermediate goal at
(-3, 3), pauses for two seconds, and then continues to the final
goal at (—0.5,6). Navigation is considered successful if the
UGYV reaches within 0.5 meters of the specified goal point. In
the dynamic environment (Fig. 4(d)), human participants move
freely and randomly within the experimental area, introducing
unpredictable disturbances and dynamic obstacles. It should
be mentioned that the UGV’s ego-pose is estimated using the
IMU in combination with wheel odometry for dead-reckoning
localization. The IMU data provides a continuous estimate of
the vehicle’s linear acceleration and angular velocity, which is
integrated for pose estimation in real time. Over the longest
experimental trajectory of approximately 8 meters, the abso-
lute trajectory error (ATE) exhibits a root mean square error
(RMSE) of about 0.05 meters, indicating that the accumulated
drift remained. This positioning accuracy ensures practical
feasibility in real-world reasoning applications. These exper-
imental setups enable a comprehensive evaluation of EIRM-
RL’s safety, robustness, and generalization in both controlled
and dynamic real-world settings.
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TABLE I
NOISE PARAMETERS

Noise Type Parameter Bias (1) Std (o)
Position (m) 0 0.05

Training (Normal*)  Linear Vel. (m/s) 0 0.05
Angular Vel. (rad/s) 0 0.05
Position (m) [0, 2] [0.05, 0.5]

Training (High**) Linear Vel. (m/s) [0, 1] [0.05, 0.5]
Angular Vel. (rad/s) [0, 0.5] [0.05, 0.1]
Position (m) 1.5 0.2

Test (Level-1) Linear Vel. (m/s) 0.5 0.1
Angular Vel. (rad/s) 0.2 0.07
Position (m) 2 0.5

Test (Level-2) Linear Vel. (m/s) 1 0.5
Angular Vel. (rad/s) 0.5 0.1

* Normal: Simulate slight GPS or odometry errors. Test Level-0=Normal.
*#% High: Simulate more challenging sensor interference.

B. Baseline Methods

All baseline methods are implemented within the actor-
critic framework and use the same input modalities and action
spaces for fair comparison. Moreover, all baselines employ the
same visual encoder architecture and share identical reward
functions.

1) SAC [36]: A widely adopted off-policy RL algorithm for
continuous control. We implement a goal-conditioned soft
actor-critic agent with a convolutional scene encoder, where
goal information is embedded into the latent representation.

2) SAC-Lag [37]: An extension of SAC that incorporates
Lagrangian-based constrained optimization. It simultane-
ously optimizes reward and cost value functions, updating
the Lagrange multiplier via dual ascent.

3) MBPO [38]: A model-based policy optimization algorithm
that updates the policy using short rollouts generated by a
learned model, without explicit safety constraints.

4) SMBPO [27]. A safety-aware variant of MBPO. It is
noteworthy that, unlike RIRM-RL, SMBPO incorporates
only the world model uncertainty Ufpist and predicted safety
costs ¢; € [0,1] into risk constraints. Policy optimization
within SMBPO is conducted via the Lagrange method.

5) MPC-CBF [10]: A representative model-based control
baseline combining MPC with CBF theory. The MPC mod-
ule generates locally optimal trajectories by minimizing a
cost function that balances control effort and goal-tracking
error, while the CBF enforces formal safety guarantees by
constraining system evolution within safe states. Specifi-
cally, the safety constraint is formulated as h(s)+ ph(s) >
0, where h(s) defines the safety boundary and p € (0,1)
regulates the admissible convergence rate toward it. This
baseline is therefore included to benchmark EIRM-RL
against a deterministic, optimization-driven paradigm that
represents the state-of-the-art in model-based safe control.

C. Metrics

1) Training metrics: We assess the comprehensive training
performance of the policy with three metrics: (1) mean re-
ward reflects the overall performance of various intermediate
agents during an episode; (2) success rate (SR) indicates

the proportion of episodes in which the agent reaches the
goal point without any collisions within the maximum allowed
timesteps; and (3) collision rate (CR) shows the proportion
of episodes in which the agent collides with obstacles or other
agents before reaching the goal.

2) Test metrics: After training, we use five metrics to test
the post-trained RL agent: (1) SR; (2) CR; (3) average ve-
locity (AV) measures the mean velocity during task execution,
reflecting the efficiency of movement; (4) max velocity (MV)
records the max velocity reached by the agent in an episode,
indicating the policy’s aggressiveness or safety margin; (5)
computing time (CT) reflects the computational load of
different algorithms. All test metrics are calculated based on
100 evaluation episodes.

D. Neural Network and Hyperparameter Configuration

We utilize the SAC architecture as our EIRM-RL agent.
The structural details of the RL neural network employed in
the algorithm are outlined in Table II. The hyperparameters
utilized in the EIRM-RL algorithm are described in detail in
Table III.

TABLE II
NEURAL NETWORK STRUCTURE AND PARAMETERS
Parameters Value
Network architecture 5 layers (3 conv + 2 FC)
Input image shape [160,128,3]

Convolution filter features [32,64,128] (kernel size 5x5,

stride=2, padding=2)

Conv output dimensions [20,16,128]
Flattened features [40,962]
Fully connected layer [512,256,2]
Output activation Sigmoid + Tanh
Activation function Leaky ReLU
Implementation PyTorch
TABLE III

HYPERPARAMETERS OF EIRM-RL ALGORITHM
Parameters Value
Replay buffer size (Breal, Byirt) 2ed
Actor learning rate (l,) 0.001
Critic learning rate (I.) 0.001
Dual learning rate (I4) 0.0001
World model learning rate (I.,) 0.001
Discount factor (7y) 0.999
Soft goal update coefficient (7) 0.005

Reward term weight (ap, ac, C1, C2) 20, 2, 100, -100

EIRM model’s weight (\) 0.2
Safety threshold (egrm) 0.4
Replay buffer size (Breat, Byirt) 2e4
Actor-critic batch size 32
World model batch size 64

1.96 (95% confidence)
0.5 (static), 0.3 (dynamic)

Confidence factor (kconf)
Alert limit (AL)
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Fig. 5. Comprehensive training curves comparison in static and dynamic environments. (a) Shows the mean reward (left), success rate (middle), and collision
rate (right) in a static office environment. (b) Shows the corresponding metrics in a dynamic environment.
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Fig. 6. Evolution of PL and AL during the EIRM-RL training process in static
environment. The PL curve illustrates the progressive reduction of uncertainty
as the policy converges, while its comparison with the fixed AL boundary
demonstrates compliance with the safety constraint.

IV. RESULTS AND ANALYSIS

A. Simulation Experiments

1) Training evaluation: Fig. 5 shows the training perfor-
mance of the EIRM-RL algorithm and mainstream baseline
algorithms in static and dynamic environments. The solid line
in the figure represents the mean of each indicator, and the
shaded part represents the standard deviation.

In the static environment, as shown in Fig. 5(a), the average
reward of EIRM-RL is improved by approximately 38.89%,
47.06%, 31.58%, and 13.64% compared with the four baseline
algorithms SAC, SAC-Lag, MBPO, and SMBPO, respectively;
the final success rate is increased by 18.75%, 23.38%, 11.76%,
and 5.56%, respectively; and the collision rate is reduced
by approximately 72.22%, 75.00%, 50.00%, and 37.50%,
respectively.

In a more challenging dynamic environment, as shown
in Fig. 5(b), compared with SAC, SAC-Lag, MBPO, and
SMBPO, EIRM-RL’s average reward increased by about
60.00%, 50.01%, 20.00%, and 11.63%, respectively; the final
success rate increased by about 32.86%, 27.40%, 12.05%, and
3.33%, respectively; and the collision rate decreased by about
63.16%, 65.00%, 41.67%, and 22.22%, respectively. Espe-
cially in terms of collision rate, EIRM-RL has a significant
safety advantage, effectively ensuring the robustness and safety
of the agent in complex environments.

To further visualize and explain the internal learning dynam-
ics of EIRM-RL, Fig. 6 illustrates the temporal evolution of the
PL and AL within a static environment during policy training.
At the early training stage (before approximately episode
150), the PL value frequently exceeds the AL threshold
due to the immature policy and high model uncertainty. As
training proceeds, the PL curve steadily declines and finally
converges below the fixed AL boundary, clearly demonstrating
the gradual reduction in uncertainty and the establishment
of a safety-compliant policy. The highlighted noise injection
interval in the figure further validates the EIRM module’s
adaptability under increased observation disturbances, where
PL temporarily rises but rapidly re-stabilizes, confirming the
model’s robustness and real-time integrity monitoring capabil-

1ty.

These visual results illustrate how the safety constraint are
internalized during policy optimization. The narrowing PL-AL
gap indicates policy convergence and showcases the EIRM
mechanism’s dynamic calibration of epistemic and stochastic
uncertainties. Together with the metrics in Fig. 5(a)-(b), this
visualization demonstrates the synchronized improvement of
safety assurance and reward maximization throughout training.
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TABLE IV
COMPARISON OF TEST STATISTICAL RESULTS IN TWO SCENARIOS, INCLUDING THE MEAN VALUE AND STANDARD DEVIATION (IN BRACKETS).

Methods Metric Scenario (a) Scenario (b)
Level-0 Level-1 Level-2 Level-0 Level-1 Level-2
SR 0.70 (0.01) 0.63 (0.01) 0.60 (0.02) 0.61 (0.05) 0.58 (0.08) 0.57 (0.12)
CR 0.27 (0.01) 0.32 (0.01) 0.33 (0.02) 0.27 (0.05) 0.31 (0.08) 0.33 (0.12)
SAC AV 1.10 (0.02) 1.08 (0.04) 1.06 (0.07) 1.00 (0.05) 1.09 (0.03) 1.08 (0.04)
MV 1.22 (0.01) 1.20 (0.02) 1.20 (0.02) 1.21 (0.06) 1.20 (0.07) 1.15 (0.16)
CT 0.48 (0.05) 0.49 (0.11) 0.52 (0.08) 0.67 (0.07) 0.68 (0.09) 0.70 (0.03)
SR 0.72 (0.02) 0.67 (0.01) 0.64 (0.03) 0.69 (0.04) 0.64 (0.05) 0.60 (0.05)
CR 0.25 (0.02) 0.28 (0.01) 0.31 (0.03) 0.30 (0.04) 0.32 (0.05) 0.38 (0.05)
SAC-Lag AV 1.12 (0.10) 1.11 (0.12) 1.09 (0.13) 0.89 (0.18) 0.87 (0.20) 0.83 (0.25)
MV 1.20 (0.02) 1.19 (0.04) 1.19 (0.00) 1.22 (0.11) 1.18 (0.09) 1.16 (0.13)
CT 0.53 (0.00) 0.54 (0.01) 0.54 (0.01) 0.57 (0.03) 0.59 (0.03) 0.60 (0.04)
SR 0.86 (0.03) 0.78 (0.03) 0.69 (0.04) 0.63 (0.02) 0.57 (0.03) 0.56 (0.03)
CR 0.11 (0.03) 0.23 (0.03) 0.29 (0.04) 0.32 (0.02) 0.37 (0.03) 0.41 (0.03)
MBPO AV 1.08 (0.05) 1.07 (0.04) 1.05 (0.06) 0.90 (0.07) 0.89 (0.19) 0.89 (0.11)
MV 1.19 (0.04) 1.18 (0.05) 1.18 (0.05) 1.23 (0.04) 1.21 (0.03) 1.20 (0.04)
CT 0.54 (0.02) 0.54 (0.01) 0.56 (0.01) 0.63 (0.01) 0.64 (0.01) 0.66 (0.04)
SR 0.94 (0.02) 0.88 (0.03) 0.81 (0.03) 0.85 (0.05) 0.67 (0.10) 0.60 (0.13)
CR 0.05 (0.02) 0.07 (0.03) 0.14 (0.03) 0.12 (0.05) 0.29 (0.10) 0.35 (0.13)
SMBPO AV 1.00 (0.02) 1.01 (0.02) 1.00 (0.03) 0.89 (0.02) 0.88 (0.03) 0.88 (0.04)
MV 1.18 (0.01) 1.18 (0.02) 1.19 (0.02) 1.21 (0.02) 1.20 (0.02) 1.20 (0.02)
CT 0.55 (0.01) 0.56 (0.01) 0.56 (0.02) 0.66 (0.01) 0.68 (0.02) 0.68 (0.03)
SR 0.93 (0.01) 0.87 (0.03) 0.77 (0.05) 0.81 (0.03) 0.65 (0.08) 0.59 (0.12)
CR 0.05 (0.01) 0.09 (0.03) 0.19 (0.05) 0.15 (0.03) 0.31 (0.08) 0.38 (0.12)
MPC-CBF AV 1.03 (0.03) 1.02 (0.03) 1.01 (0.05) 0.92 (0.03) 0.91 (0.05) 0.89 (0.09)
MV 1.18 (0.01) 1.17 (0.02) 1.15 (0.03) 1.18 (0.03) 1.16 (0.03) 1.14 (0.06)
CT 0.54 (0.01) 0.54 (0.02) 0.55 (0.02) 0.66 (0.02) 0.67 (0.03) 0.67 (0.04)
SR 0.98 (0.00) 0.95 (0.01) 0.92 (0.02) 0.90 (0.04) 0.73 (0.08) 0.66 (0.11)
CR 0.00 (0.00) 0.02 (0.01) 0.02 (0.02) 0.09 (0.04) 0.21 (0.08) 0.34 (0.11)
EIRM-RL AV 1.00 (0.01) 0.99 (0.02) 0.97 (0.01) 0.89 (0.02) 0.86 (0.02) 0.80 (0.04)
MV 1.19 (0.01) 1.19 (0.01) 1.18 (0.01) 1.20 (0.02) 1.19 (0.01) 1.18 (0.01)
CT 0.55 (0.01) 0.55 (0.02) 0.57 (0.02) 0.68 (0.03) 0.69 (0.02) 0.69 (0.02)

2) Test evaluation: To comprehensively evaluate the robust-
ness and generalization of the proposed EIRM-RL method, we
conduct 100-episode test experiments in two scenarios under
three noise levels. Here, Level-0 refers to adding zero-mean
Gaussian noise to the position states, while Level-1 and Level-
2 use Gaussian noise with different biases to simulate more
challenging and realistic sensor disturbances. Notably, Level-
2 represents an extreme case, mimicking sensor failure or
severe observation corruption. The statistical test results are
summarized in Table IV.

Specifically, in the static environment, EIRM-RL consis-
tently achieves the highest task completion rates and the lowest
collision rates under all noise levels. For example, under Level-
2 noise, EIRM-RL attains a success rate of 0.92, which corre-
sponds to improvements of 53.33%, 43.75%, 33.33%, 13.58%,
and 19.48% compared to SAC, SAC-Lag, MBPO, SMBPO,
and MPC-CBEF, respectively. In terms of collision rate, EIRM-
RL achieves 0.02, reducing the collision probability by up to
93.94% relative to SAC, by 85.71% compared to SMBPO,
and by 89.47% relative to MPC-CBF. For efficiency metrics,
EIRM-RL maintains average and maximum velocities (0.97
and 1.18, respectively) comparable to all baselines, and the
computing time remains stable at 0.57 seconds per episode,
on par with or better than the other methods.

In the dynamic environment, which poses greater challenges

due to moving obstacles and more complex interactions,
EIRM-RL continues to demonstrate robust performance. Un-
der Level-2 noise, EIRM-RL achieves a success rate of 0.66,
outperforming SAC, SAC-Lag, MBPO, SMBPO, and MPC-
CBF by 15.79%, 10.00%, 17.86%, 10.00%, and 11.86%,
respectively. The collision rate of EIRM-RL in this adversarial
setting is 0.34, which is 48.48% lower than SAC, 2.86% lower
than SMBPO, and 10.53% lower than MPC-CBF. Across all
noise levels, EIRM-RL’s average and maximum velocities
remain stable, and the computing time is consistently low at
0.69 seconds per episode.

In summary, EIRM-RL consistently outperforms all base-
lines in both static and dynamic environments across varying
noise levels. Notably, the Level-2 disturbance introduces sen-
sor deviations beyond the training range, providing a direct
evaluation of the model’s extrapolation robustness. Under this
most challenging condition, EIRM-RL achieves the highest
success rate (0.92 static, 0.66 dynamic), improving over SAC
by 53.33% and 15.79%, and over SMBPO by 13.58% and
10.00%, and over MPC-CBF by 19.48% and 11.86%, re-
spectively. The collision rate is significantly reduced to 0.02
(static) and 0.34 (dynamic), yielding relative reductions of
up to 93.94% and 48.48% compared to SAC. These results
demonstrate that EIRM-RL maintains high success and low
collision rates even under out-of-distribution noise, indicating
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Fig. 7. Comprehensive test comparison under different noise levels in scenario (c), showing success rate (left), collision rate (middle), and mean velocity
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Fig. 8. Representative trajectories of UGV navigation in the unseen maze
scenario (c). The blue ellipse marks the start point, the red star denotes the
goal point, and the green curve represents the position states received by the
UGV during navigation. (a) shows a successful path through narrow corridors,
while (b) demonstrates adaptive obstacle avoidance under noisy observations.

strong generalization and practical reliability in handling unex-
pected sensor disturbances. Furthermore, the modular design
of EIRM-RL enables its straightforward extension to diverse
robot types, sensor modalities, and application scenarios,
demonstrating robust versatility and adaptability for a wide
range of safety-critical robotic tasks.

Moreover, EIRM-RL maintains competitive motion effi-
ciency with average/maximum speeds of 0.97/1.18 m/s, re-
spectively and a small standard deviation, whilst preserv-
ing real-time performance with per-round computation time
stabilising between 0.57-0.69 seconds. Given that each test
round comprises 200 decision steps, this translates to an
average computational time per step of approximately 2.85
milliseconds (static, level-2) to 3.45 milliseconds (dynamic,
level-2 ). This demonstrates that the proposed risk assessment
and alert mechanism is efficiently integrated into the policy
inference process, with the entire system meeting the real-
time operational requirements on practical robotic platforms.

3) Generalization test evaluation: To further validate the
generalization capability of the proposed EIRM-RL algorithm
beyond the training distribution, we conduct zero-shot evalu-
ations in the unseen scenario (c), as illustrated in Fig. 3. In

this evaluation, the policy trained exclusively in the static and
dynamic scenarios is directly deployed to scenario (c) without
any retraining or fine-tuning. For each comparison method, we
execute 20 independent tests across three observation noise
levels. The comprehensive comparison results are shown in
Fig. 7.

Across all noise levels, the proposed EIRM-RL maintains
the highest overall success rate and lowest collision proba-
bility. Under the most challenging Level-2 noise conditions,
EIRM-RL achieves a success rate of 0.61-representing im-
provements of 20.45%, 14.04%, 18.18%, 10.11%, and 9.29%
over SAC, SAC-Lag, MBPO, SMBPO, and MPC-CBEF, respec-
tively. The collision rate drops to 0.33, representing reductions
of 46.03%, 28.26%, and 10.81% compared to SAC, SAC-Lag,
MBPO, SMBPO, and MPC-CBEF, respectively. Concurrently,
EIRM-RL maintains motion efficiency with average and peak
velocities of 0.92m/s and 1.12m/s, demonstrating stability
and safety in unstructured environments. Furthermore, the
narrow distribution in Fig. 7 indicates significantly reduced
performance fluctuations across varying noise levels, suggest-
ing enhanced stability of the learned policy. This consistency
reveals that EIRM-based epistemic integrity monitoring and
safe constraint effectively regularize the learned representa-
tions, enabling the policy to adapt to unseen spatial patterns
and random perturbations.

Fig. 8 illustrates typical navigation trajectories of UGV
under state perturbations in an unseen maze environment. As
shown in Fig. 8(a), EIRM-RL successfully traverses narrow
passages and executes smooth turns to reach the goal. In
Fig. 8(b), the algorithm adapts to the environment despite
moving obstacles and local occlusions, maintaining a stable
trajectory even under noisy interference. These visualizations
clearly demonstrate the proposed method’s effective perception
correction and risk-aware decision-making capabilities.

In summary, additional testing in an unseen scenario con-
firms that the proposed EIRM-RL method not only excels in
the training domain but also exhibits strong generalization
capabilities. These results validate the method’s robustness,
proving its ability to transfer the learned safety-performance
tradeoff to entirely new, untrained environments.

4) Ablation study: To systematically evaluate the individual
contributions of each component within the proposed EIRM-
RL framework, we conduct goal-oriented ablation studies
grounded in the algorithmic structure outlined in Section II.
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Fig. 9. Ablation study results, where the metric number represents the rate of
the average value of ablation candidate relative to the EIRM-RL at the same
training stage.

Specifically, the following variants are considered: W/o EIRM,
which eliminates the EIRM module and trains the agent purely
for task rewards; W/o NU, which excludes noise related
uncertainty, utilizing only the world model latent cost ¢; and
the noise uncertainty o2..; and W/o EU, which removes
the epistemic variance term ogpist from both the extended PL
formulation and subsequent policy optimization.

The ablation results are shown in Fig. 9, where each unit
shows the average reward ratio of each variant relative to
EIRM-RL at the same training stage. The results show that
W/o EIRM leads to the most severe performance degradation,
with performance drops of up to 37.10%, and an average loss
of more than 30.10% throughout training. Excluding W/o NU
causes a moderate reduction, with losses between 13.52% and
19.43% and an average of 16.30%. In contrast, W/o EU leads
to the smallest performance drops, averaging 3.35%, but still
has a noticeable impact on the robustness of the final policy.
These findings confirm that EIRM is critical to ensuring safety
and efficiency, and comprehensive multi-source uncertainty
modeling is essential to achieving robust and generalizable
performance. In summary, the ablation study confirms that
each component has an indispensable contribution in the
safety, robustness, and generalization of EIRM-RL.

B. Real-world Experiments

1) Static environment: To evaluate the effectiveness and
robustness of the proposed EIRM-RL algorithm in real-world
scenarios, we conducted trajectory comparison experiments
in a static environment with multiple obstacles. As shown
in Fig. 10, the UGV needs to autonomously navigate from
the starting area to two consecutive goal points while avoid-
ing static obstacles. To further test the adaptability of each
method, a position perturbation is introduced after reaching
the first goal point, which is modeled as a Gaussian noise
of N(2,0.5%). This strong perturbation simulates the worst-
case sensor failure observation, forcing the UGV to replan its
trajectory towards the second goal point.

The experimental results show the representative trajectories
generated by different algorithms, including SAC, SAC-Lag,
MBPO, SMBPO, and the proposed EIRM-RL. Compared with
other baseline methods, EIRM-RL shows a more stable and ef-
ficient navigation path, successfully reaches the two goal areas,

4
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Fig. 10. Trajectory comparison of different algorithms in the real-world static
environment.

and shows excellent robustness to the introduced perturbations.
These results prove that even under worst-case conditions,
EIRM-RL achieves higher adaptability and reliability in multi-
stage real-world navigation tasks. Furthermore, compared with
the model-based method MPC-CBF, the trajectory generated
by MPC-CBF shows cautious detour behavior around ob-
stacles, resulting in longer paths and delayed arrival times,
which is more conservative than the EIRM-RL. While MPC-
CBF ensures strict safety margins, its predefined constraint
set renders it insufficiently adaptive to sudden perceptual
disturbances, leading to trajectory deviations when positional
noise is applied. In contrast, EIRM-RL responds to environ-
mental changes by dynamically adjusting the control strategy,
effectively balancing safety and efficiency. Its generated trajec-
tories exhibit smoother curvature transitions and faster target
convergence while maintaining safety compliance in densely
obstructed areas. These results demonstrate that EIRM-RL
significantly enhances adaptability and reliability to real-world
uncertainties while preserving the safety properties of model-
based control.

2) Dynamic environment: In addition to the quantitative
evaluation conducted in the static environment, we further
verify the effectiveness of our proposed method in a dynamic
environment, where both static and dynamic obstacles are
present. In this scenario, dynamic obstacles are introduced by
human participants walking randomly within the workspace, as
shown in Fig. 4(b). To provide an intuitive and comprehensive
demonstration, the test results in the dynamic environment are
presented qualitatively in the supplementary video (see part 5
of the video: https://youtu.be/khBhRrMxDcc).

As captured in the video, the UGV is able to successfully
avoid both static obstacles and oncoming pedestrians, and ulti-
mately reaches the specified goal area. These qualitative results
further validate the adaptability and robustness of the EIRM-
RL method in complex, real-world dynamic environments.

V. CONCLUSION

This paper proposes EIRM-RL, a novel SMBRL framework
that integrates epistemic integrity risk monitoring for safe and
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robust mapless navigation under uncertainty. The EIRM-RL
combines an ensemble world model with explicit estimation of
multi-source uncertainties. EIRM-RL dynamically calculates
an extended PL for real-time risk assessment and enforces
safety constraints during policy optimization. This principled
method enables the agent to proactively avoid hazards and
maintain trustworthy navigation performance even under se-
vere observation disturbances. Extensive simulations in both
static and dynamic environments demonstrate that EIRM-RL
consistently outperforms state-of-the-art baselines in terms of
mission success rate, collision rate, and cumulative reward,
especially under challenging sensor noise and fault conditions.
Ablation studies highlight the critical role of risk monitoring
and comprehensive uncertainty modeling in enhancing safety,
robustness, and generalization. Furthermore, real-world exper-
iments validate the practical effectiveness of the framework,
where EIRM-RL enables a UGV to reliably reach its target
and avoid obstacles even in the presence of dynamic hazards
and sensor perturbations.

Although our method demonstrates promising results in
trustworthy autonomous navigation, some limitations remain.
The current approach assumes Gaussian sensor noise, which
may not fully capture real-world disturbances. In addition, the
framework requires further validation in highly unstructured,
crowded, or dynamic multi-agent environments. Future work
will address these challenges by incorporating non-Gaussian
noise and adversarial perturbation models, and applying ad-
vanced representation learning methods such as attention-
based multimodal sensor fusion. These efforts aim to further
improve the robustness and practical applicability of EIRM-
RL in real-world scenarios.
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