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Abstract—Hazardous environments are characterized by un-
certain, rapidly changing conditions, where autonomous robots
are responsible for making safety-critical navigation decisions to
ensure a safer path. When navigation relies solely on reactive
perception, a robot may encounter dangerous situations before it
has sufficient time to respond effectively. In real-world settings,
however, hazards such as smoke, heat, flooding, or structural
instability can be observed directly by the environment itself
through cameras and sensors. This creates an opportunity to
anticipate risk in advance, before a robot enters unsafe regions.
In this work, we focus on enabling proactive and risk-aware
robot navigation through environment-centric perception. We
present a unified multimodal spatiotemporal model that estimates
navigation risk by fusing environmental visual and sensory data
through early integration, producing instantaneous probabilistic
risk estimates. To avoid reacting to short-lived disturbances and
sensor noise, these estimates are incorporated into a Bayesian
filtering process that treats risk as an underlying latent state and
maintains a stable belief over evolving environmental hazards.
The resulting risk belief is integrated into the robot’s navigation
stack as a cost term, guiding the planner toward safer routes and
allowing the robot to avoid hazardous areas before reaching them.
We evaluate the proposed approach on a physical multi-hazard
testbed that includes smoke, heat, water presence, vibration,
and structural obstacles. Experimental results show reduced
hazard exposure and safer navigation behavior compared to
risk-unaware baselines, highlighting the benefits of environment-
centric risk inference for autonomous robot navigation.

I. INTRODUCTION

Robots are increasingly deployed in safety-critical settings
such as disaster response, industrial incidents, and damaged
infrastructure, where environmental conditions can change
rapidly and hazards may be difficult for humans to assess
directly. In these domains, navigation decisions are not merely
about reaching a goal efficiently, but about minimizing expo-
sure to dangerous operating conditions (e.g., smoke, heat, gas,
flooding, or structural instability) that can endanger the robot,
the mission, or nearby people [12].

A dominant paradigm in mobile robotics is robot-centric

navigation, where a robot perceives the world using onboard
sensors, builds a local representation, and reacts as hazards
become observable. Risk-aware navigation has advanced sub-
stantially in recent years, including pipelines that explicitly
model risk during mapping and planning in challenging ter-
rain [13] and classical formulations that enforce probabilis-
tic safety constraints in motion planning [2]. More broadly,
planning under partial observability is often posed in belief
space, where decisions are based on a maintained belief
over latent state [10]. However, in hazardous environments,
purely reactive or robot-only perception can be fundamentally
limited: a robot may encounter a dangerous region before it
has sufficient time, visibility, or sensing reliability to respond
conservatively.

In many real facilities, hazards are not only observable
from the robot itself. The environment may already be in-
strumented with cameras and heterogeneous sensors, or such
infrastructure can be rapidly deployed, providing measure-
ments that extend beyond the robot’s perceptual horizon. Prior
work on integrating robots with sensor networks highlights
this complementarity: distributed sensing can provide early
situational awareness, while robots execute actions and close
the loop in the physical world [5]. Related perspectives in
cloud and networked robotics further emphasize how external
infrastructure can augment robot capabilities through shared
sensing and computation [11]. These observations motivate
an alternative viewpoint: environment-centric risk perception,
where navigation risk is inferred primarily from infrastructure
sensing and then injected into the robot’s navigation stack.

Despite this potential, existing risk-aware navigation sys-
tems largely treat environmental risk as an instantaneous signal
or a static cost derived directly from raw observations. Such
formulations are sensitive to sensor noise, partial coverage,
and transient disturbances, often leading to unstable planning
behavior or overly conservative avoidance. What is missing
is a principled way to represent environmental risk as a



temporally persistent latent state that can be reliably used for
planning under uncertainty.

In this paper, we address this gap by introducing an
environment-centric risk-aware navigation framework that ex-
plicitly models navigation risk as a latent, time-varying belief.
Environment-mounted cameras and sensors are fused through
a unified multimodal encoder to produce instantaneous prob-
abilistic risk observations. Rather than directly reacting to
these noisy estimates, we treat them as evidence and maintain
a filtered latent risk belief using Bayesian state estimation
principles [14]. This belief captures hazard persistence and
uncertainty, and is converted into a planning-compatible risk
costmap that can be composed with standard navigation costs.
A planner (e.g., A* [7]) then selects routes that minimize ex-
pected hazard exposure. Importantly, the robot itself performs
no hazard perception and relies on onboard sensing only for
localization and motion execution.

We make the following contributions: (i) a formulation of
environment-centric navigation risk as a latent, temporally
evolving belief suitable for planning under uncertainty; (ii)
a multimodal perception pipeline that fuses environment-
mounted visual and heterogeneous sensor data to produce
probabilistic risk observations; (iii) a risk costmap construction
that integrates the latent belief with standard robot navigation
planners without modification; and (iv) real-world validation in
a physical multi-hazard testbed demonstrating proactive hazard
avoidance and reduced exposure compared to risk-unaware and
reactive baselines.

An overview of the proposed framework (EnvGuard) is
shown in Fig. 1. The project page and source code for this
work are available at: https://github.com/palashngl/EnvGuard.
git.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work in disaster robotics, risk-aware
navigation, probabilistic planning, and infrastructure-assisted
sensing. Section III formulates environment-centric navigation
risk and defines the latent risk belief and planning objec-
tive. Section IV presents the proposed perception, Bayesian
filtering, and risk-aware planning framework. Experimental
validation in a physical multi-hazard testbed is provided in
Section V, followed by conclusions in Section VI.

II. RELATED WORK

a) Disaster robotics and hazard-aware autonomy:
Robotic operation in disaster environments has long been rec-
ognized as safety-critical due to degraded visibility, unstruc-
tured terrain, and time-varying hazards such as smoke, fire,
flooding, and structural instability. Murphy provides a com-
prehensive account of real-world disaster robotics deployments
and highlights the persistent gap between laboratory autonomy
and fielded systems, emphasizing that reliable sensing and
actionable situational awareness remain central bottlenecks for
safe response operations [12]. Motivated by these challenges,
a large body of work has focused on improving robot-side
perception, robustness, and autonomy under adverse condi-
tions. However, in many real deployments, hazards can also be

observed externally through fixed cameras and environmental
sensors deployed as part of the infrastructure. Despite this
availability, such environment-centric sensing is rarely ex-
ploited to explicitly infer and anticipate navigation risk before
a robot physically enters hazardous regions.

b) Risk-aware planning under uncertainty: Planning and
control under uncertainty have been extensively studied in
robotics. Chance-constrained motion planning enforces proba-
bilistic safety margins to account for uncertainty in perception,
actuation, and environment dynamics [2]. At the control level,
safety mechanisms such as control barrier functions (CBFs)
provide formal guarantees by maintaining forward invariance
of safe sets [1]. In navigation, many risk-aware pipelines
derive costs from robot-centric observations such as terrain
geometry, traction estimates, or traversability uncertainty, and
then optimize motion to trade efficiency against safety. For
example, RAMP constructs risk-aware maps and planners for
fast off-road navigation by explicitly reasoning about unknown
space and risk constraints [13]. EVORA learns aleatoric and
epistemic uncertainty in traversability estimation and inte-
grates this uncertainty into risk-aware planning for off-road
autonomy [3]. While these approaches demonstrate the impor-
tance of uncertainty-aware costs, they primarily estimate risk
from robot-side sensing and interaction. As a result, hazards
are often detected only after the robot approaches or enters
unsafe regions. In contrast, our work focuses on environment-
centric risk inference, where hazards are estimated externally
and stabilized over time before being incorporated into the
navigation stack, enabling proactive rather than reactive deci-
sion making.

c) Belief-space estimation and probabilistic maps: Our
formulation is grounded in probabilistic state estimation and
belief-space reasoning. Bayesian filtering provides the stan-
dard framework for recursively estimating latent states from
noisy observations [14]. More generally, POMDP formula-
tions formalize decision making under partial observability
by planning over belief states rather than deterministic state
estimates [10]. Classic probabilistic mapping approaches, such
as occupancy grids, treat occupancy as a latent variable
inferred from sensor evidence accumulated over time [6]. We
adopt a similar philosophy, but estimate a latent environmental
risk state rather than occupancy. Importantly, our belief does
not represent robot state uncertainty; instead, it captures the
evolving hazard level of the environment itself, which is
subsequently projected into a risk costmap used by a standard
navigation planner.

d) Infrastructure-assisted and networked sensing for
robotics: Leveraging infrastructure to extend a robot’s per-
ceptual horizon has strong precedent in networked robotics
and wireless sensor network (WSN) research. Environmental
WSNs have been widely studied for long-term monitoring
using heterogeneous sensing modalities over large areas [4].
Frameworks integrating robots with sensor networks demon-
strate how external sensing can complement onboard percep-
tion and support cooperative tasks [5]. Surveys on mobile
robots in WSN settings categorize common task structures
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Fig. 1: Overview of the proposed environment-centric risk-aware navigation framework (EnvGuard). Hazard perception is
performed exclusively by environment-mounted cameras and sensors, which estimate instantaneous risk observations that are
fused and filtered into a latent risk belief representing the evolving hazard state of the environment. This belief is transformed
into a risk costmap and injected into a standard planner to compute safe navigation paths. The robot does not perform hazard
perception and relies solely on onboard perception for localization and motion execution.

such as monitoring, coverage, data collection, and servic-
ing [8]. Cloud robotics further motivates off-board compu-
tation and shared perception resources when onboard sensing
or compute is limited [11]. Despite this progress, relatively
few works treat infrastructure-mounted sensing as a first-
class input to a navigation-risk inference model that explicitly
produces a temporally filtered hazard belief and couples it
to a standard navigation stack. Our work addresses this gap
by learning environment-centric multimodal risk, stabilizing it
through Bayesian belief filtering, and validating its impact on
navigation through real-world experiments in a multi-hazard
physical testbed.

e) Summary and positioning: In summary, prior work on
risk-aware navigation largely focuses on robot-centric percep-
tion, instantaneous uncertainty estimation, or reactive safety
mechanisms. In contrast, our approach treats environmental
hazard as a latent, temporally evolving state inferred from
infrastructure-mounted sensing. By combining environment-
centric multimodal perception with Bayesian belief filtering
and direct integration into an existing navigation stack, our

method enables proactive risk-aware navigation that antici-
pates hazards before physical exposure. This distinction is
validated through real-world experiments in a physical multi-
hazard testbed, which remains underexplored in existing risk-
aware navigation literature.

III. PROBLEM FORMULATION

This section formalizes environment-centric navigation risk
and defines the latent risk belief, observation model, and
planning objective that underpin the proposed framework.

a) Environment-centric sensing: We consider a planar
workspace Ω ⊂ R2 instrumented with environment-mounted
cameras and heterogeneous sensors. At time t, the environ-
ment provides (i) visual observations from M fixed cameras,
It = {I(m)

t }Mm=1, and (ii) environmental sensor readings
St = {s(n)t }Nn=1. Each sensor reading is a seven-channel vector

s
(n)
t =

[
smoke, temp., flame, water, gas, vibration, tilt

](n)
t
(1)

and the synchronized environment-centric observation is

zt = {It, St} (2)



b) Robot state (no onboard hazard perception): The
robot maintains an onboard estimate of its pose xt for local-
ization and motion execution. Crucially, no onboard sensing
is used for hazard inference; all reasoning about environ-
mental risk is derived exclusively from zt. This separation
allows hazards to be detected and reasoned about before the
robot physically encounters them. Robot state uncertainty and
dynamic obstacle interactions are handled by the underlying
navigation stack and are not explicitly modeled in the risk
belief.

c) Latent environmental risk state: We model hazardous
operating conditions as a latent, spatio-temporal environmental
risk field. Let rt(ξ) ∈ {0, 1} denote whether a location ξ ∈ Ω
is unsafe at time t. The corresponding belief is defined as

Bt(ξ) = p(rt(ξ) = 1 | ·) (3)

where Bt(ξ) ∈ [0, 1] represents the probability of being
unsafe. Risk evolution is assumed to follow a first-order
Markov process

p(rt | rt−1) (4)

capturing hazard persistence and gradual spatial evolution
(e.g., spreading water, sustained heat, or prolonged vibration).

d) Instantaneous risk observation: An environment-
centric perception model produces an instantaneous proba-
bilistic risk observation over the workspace,

Ŷt(ξ) = p(rt(ξ) = 1 | zt) (5)

which is treated as a noisy measurement of the latent risk
state. These observations may be incomplete or unreliable due
to partial sensor coverage and environmental disturbances.

e) Latent risk belief: To avoid reacting to transient
fluctuations, we maintain a temporally filtered belief over the
latent risk state,

bt(ξ)p
(
rt(ξ) = 1 | Ŷ1:t

)
(6)

yielding a spatial risk belief map Bt(ξ) = bt(ξ). The specific
filtering mechanism used to compute this belief is detailed in
Sec. IV.

f) Risk-aware planning objective: The filtered risk belief
is converted into a planning-compatible cost

Cr(ξ) = − log(1−Bt(ξ) + ϵ) (7)

where ϵ ensures numerical stability. Given a standard naviga-
tion cost Cmap(π), the planning objective is

π∗ = argmin
π

(
Cmap(π) + λCr(π)

)
(8)

where λ controls the trade-off between efficiency and safety.
This formulation penalizes paths that traverse regions with
sustained high-risk belief while remaining compatible with
standard navigation planners. The resulting path is executed
using onboard localization and control, while all hazard infer-
ence remains environment-centric.

IV. METHODOLOGY

This section presents the EnvGuard framework, detailing
how environment-mounted sensing is used to estimate instan-
taneous risk, maintain a temporally filtered latent belief, and
integrate this belief into standard navigation planning.

A. System Overview and Key Contribution

We propose EnvGuard, an environment-centric risk-aware
navigation framework for mobile robots operating in haz-
ardous environments. In contrast to conventional robot-centric
approaches, hazard perception is performed exclusively by
infrastructure-mounted cameras and environmental sensors,
while the robot relies on onboard sensing only for localization
and motion execution.

Key methodological contribution. The primary contribu-
tion of this work is a principled formulation of environmen-
tal navigation risk as a latent, temporally evolving belief
inferred from environment-centric multimodal sensing and
integrated into robot planning. Rather than treating risk as an
instantaneous score or a static cost derived directly from raw
observations, EnvGuard models risk as a hidden environmental
state that must be inferred over time under partial observability.

This formulation directly addresses limitations of reactive
and instantaneous risk-aware navigation. In real hazardous
environments, sensor observations are noisy, spatially incom-
plete, and often affected by transient disturbances (e.g., smoke
plumes or brief temperature spikes). Directly coupling such
observations to planning can lead to unstable behavior, exces-
sive replanning, or overly conservative avoidance. EnvGuard
therefore decouples risk inference from risk utilization: instan-
taneous multimodal predictions are treated as noisy evidence,
while navigation decisions are driven by a temporally filtered
latent belief that explicitly models hazard persistence and
uncertainty.

Crucially, the proposed belief is environment-centric. Risk
is inferred from infrastructure-mounted sensors that observe
regions ahead of the robot, extending the perceptual horizon
beyond onboard sensing. The robot itself performs no hazard
perception and relies exclusively on the inferred belief for
risk-aware decision making. This separation enables proactive
navigation decisions before the robot physically encounters
unsafe regions.

The overall system architecture, illustrated in Fig. 1, consists
of three components: (i) environment-centric multimodal risk
perception, (ii) latent risk belief estimation via Bayesian filter-
ing, and (iii) risk-aware planning through costmap integration.

B. Environment-Centric Risk Perception

We adopt the environment-centric sensing formulation
defined in Sec. III. At each time step t, synchronized
environment-mounted camera images It and environmental
sensor readings St are processed to estimate instantaneous
navigation risk over the workspace Ω.



a) Spatial risk grid: The workspace is discretized into a
fixed-resolution 2D grid aligned with the navigation map. All
risk estimates are expressed in this grid coordinate frame, and
each grid cell ξ ∈ Ω represents a local region for which risk
is inferred.

b) Camera-to-grid projection: Environment-mounted
cameras are geometrically calibrated with respect to the
workspace. Visual features extracted from each camera view
are projected onto the ground plane using known extrinsics
[9] (and depth where available), allowing visual evidence to
be associated with corresponding grid cells. When multiple
cameras observe the same cell, projected features are aggre-
gated using a learned fusion operator.

c) Sensor preprocessing and grid association: Raw en-
vironmental sensor streams are filtered to suppress high-
frequency noise and normalized to a common scale. Each
sensor node is associated with nearby grid cells based on its
physical location, with influence spatially distributed using a
fixed-radius kernel. Missing or delayed sensor readings are
explicitly masked and propagated as null tokens to prevent
spurious inference.

C. Unified Multimodal Risk Encoder
To integrate heterogeneous environment-centric observa-

tions into a unified representation, we employ a multimodal
risk encoder that produces an instantaneous probabilistic risk
estimate over the workspace. The encoder outputs

Ŷt(ξ) = p(rt(ξ) = 1 | zt) , ξ ∈ Ω (9)

as defined in Sec. III, where zt = {It,St}.
a) Token construction and fusion: Visual features are

extracted from each camera using a ResNet-50 backbone and
spatially pooled into visual tokens aligned with the 2D grid.
Environmental sensor readings are projected through a multi-
layer perceptron to form sensor tokens. Visual and sensor
tokens are concatenated into a single token sequence, and
learned positional encodings are added to preserve spatial and
temporal structure.

b) Attention-based multimodal encoding: The unified
token sequence is processed by a transformer encoder com-
posed of multi-head self-attention, residual connections, layer
normalization, and feed-forward networks. Early cross-modal
attention enables interaction between visual and sensor evi-
dence, allowing correlated cues (e.g., heat and visual smoke)
to jointly influence risk estimation.

c) Temporal context modeling: To capture short-term
hazard dynamics while limiting system latency, the encoder
processes a sliding temporal window of K = 5 recent obser-
vations. This window length was chosen empirically to balance
responsiveness and stability: shorter windows were overly
reactive, while longer windows increased latency without
measurable gains. A temporal transformer captures emerging
trends across the window.

After the final transformer layer, a token pooling operation
aggregates the per-cell token representations, followed by a
linear projection to produce the per-cell instantaneous risk
estimate Ŷt(ξ).

d) Training: The encoder is trained on labeled hazard
data using focal loss to address class imbalance between safe
and hazardous regions. The output Ŷt(ξ) is treated as noisy
probabilistic evidence rather than a definitive hazard decision.

D. Latent Risk Belief via Bayesian Filtering

For clarity, Ŷt(ξ) corresponds to the instantaneous risk
estimate shown in Fig. 1, while bt(ξ) (or equivalently Bt(ξ))
denotes the temporally filtered latent risk belief.

We model environmental navigation risk as a latent, time-
varying random variable that cannot be directly observed. For
each grid cell ξ, the belief is defined as

bt(ξ)p
(
rt(ξ) = 1 | Ŷ1:t

)
(10)

The motivation for Bayesian filtering is that physical haz-
ards such as fire, flooding, or structural instability exhibit
strong temporal persistence. Instantaneous predictions may
fluctuate due to sensor noise or partial coverage and are
therefore unreliable when used directly for planning.

The belief update consists of two steps:
a) Prediction (State Transition): Hazard evolution is

modeled as a first-order Markov process:

b̄t(ξ) = p11 bt−1(ξ) + p01 [1− bt−1(ξ)] (11)

We set p11 = 0.95 and p01 = 0.05 to reflect the high
persistence of physical hazards once they manifest, while still
allowing gradual decay when evidence disappears. These val-
ues were selected based on domain knowledge and empirically
validated for stability.

b) Update (Bayesian): The predicted belief is updated
using the instantaneous risk estimate as soft evidence:

bt(ξ) =
Ŷt(ξ) b̄t(ξ)

Ŷt(ξ) b̄t(ξ) +
(
1− Ŷt(ξ)

)(
1− b̄t(ξ)

) (12)

When a grid cell is unobserved, an uninformative likelihood
is applied so that belief evolution is governed primarily by the
prediction model.

c) Planning-compatible belief: The resulting belief map
Bt(ξ) is spatially smooth, bounded, and temporally stable.
This produces a planning-compatible risk signal and cost
structure that standard grid-based planners (e.g., A*) can
efficiently optimize without oscillations or myopic behavior,
in contrast to instantaneous or thresholded risk maps.

E. Risk-Aware Planning and Execution

The latent risk belief is converted into a risk costmap using
a negative log-likelihood formulation:

Cr(ξ) = − log
(
1− bt(ξ) + ϵ

)
(13)

where ϵ ensures numerical stability. This transformation pe-
nalizes paths that traverse regions with high inferred risk and
corresponds to the cost construction illustrated in Fig. 1.

The risk cost is combined with the static navigation
costmap:

Ctotal(ξ) = Cmap(ξ) + λCr(ξ) (14)



We assume a static baseline navigation costmap Cmap;
dynamic obstacles are not considered in this work. The safety
weight λ is treated as a hyper-parameter and tuned on a held-
out validation set to balance mission efficiency and hazard
exposure.

a) Replanning trigger: Replanning is triggered when

max
ξ∈πcurrent

|bt(ξ)− bt−∆t(ξ)| > τ (15)

where the threshold τ is selected empirically to ensure timely
response without excessive replanning.

The rover executes the planned path using onboard local-
ization (e.g., IMU and pose estimation) and motion control.
No onboard hazard perception or dynamic obstacle reasoning
is performed.
Practical assumptions. EnvGuard assumes sufficient
infrastructure-sensor coverage, reliable time synchronization,
and calibration between environment-mounted sensors and
the navigation map. These assumptions enable proactive
risk estimation beyond the robot’s onboard perceptual range,
but performance may degrade in unobserved regions, under
communication delay, or when camera/sensor calibration is
inaccurate.

b) Summary: By explicitly modeling environmental risk
as a latent, temporally filtered belief, EnvGuard converts noisy
environment-centric sensing into a stable, planning-compatible
signal. This enables proactive and reliable navigation in
hazardous environments using standard planning algorithms
without modification, paving the way for the experimental
validation presented in the next section.

V. EXPERIMENTS AND RESULTS

This section evaluates the proposed environment-centric
risk-aware navigation framework on a real physical rover oper-
ating in a multi-hazard testbed. The goal is to assess whether
modeling environmental risk as a latent, temporally filtered
state enables safer and more stable navigation compared to
risk-unaware, reactive, and existing risk-aware alternatives. All
hazard perception is performed exclusively using environment-
mounted cameras and sensors, while the rover relies on
onboard sensing only for localization and motion execution.
All results are obtained from real sensor logs and executed
rover trajectories.

A. Physical Multi-Hazard Testbed

We constructed a controlled indoor physical multi-hazard
testbed to evaluate navigation under partial observability and
dynamically evolving environmental risks. The testbed com-
prises modular corridor panels forming three geometrically
similar routes (Paths A, B, and C) between fixed start and
goal locations (Fig. 2), ensuring that performance differences
arise from hazard conditions rather than structural bias. Each
corridor can be independently instrumented with hazards such
as water accumulation, localized thermal sources, vibration,
and unstable ground, which are activated dynamically during
execution. Hazardous regions are positioned ahead of the rover
and are not directly observable via onboard sensing prior to

TABLE I: Environment-mounted sensing infrastructure in the
physical testbed

Sensor Modality Accuracy/Res. Placement

MQ-2 Smoke ±10% Hazard enclosure
DS18B20 Temperature ±0.5◦C Hazard enclosure
KY-026 Flame Binary Hazard enclosure
HW-038 Water Binary Floor-mounted
MQ-135 Gas ±15% Hazard enclosure
801S Vibration Binary Floor-mounted
MPU6050 Tilt ±0.1◦ Floor-mounted
OAK-D Pro RGB-D 640×480 Corridor corners

(a) Start (b) Mid (c) Exit

(d) Start (e) Mid (f) Exit

Fig. 2: Robot traversal sequences showing three key phases:
(a-c) First traversal set and (d-f) second traversal set. The
robot navigates from start through mid-sections to exit points
in hazardous environments.

entry, explicitly testing anticipatory navigation enabled by
environment-centric perception.

The environment is equipped with fixed RGB-D cameras
and distributed sensor nodes measuring smoke, temperature,
gas concentration, vibration, and tilt, summarized in Table I.
Sensor coverage is partial and overlapping, reflecting realistic
infrastructure-assisted deployments. Experiments were con-
ducted over multiple days with repeated rover traversals under
diverse hazard schedules, during which synchronized sensor
streams, latent risk beliefs, planner outputs, and executed tra-
jectories were recorded. The rover platform used in all exper-
iments was fully designed and fabricated in-house, including
a custom 3D-printed chassis and tailored onboard hardware,
and operates in both outdoor and indoor environments such as
uneven terrain and stair traversal (Fig. 3).

B. Latent Risk Belief Under Real Sensor Noise

We first analyze the behavior of the latent risk belief
independent of navigation. Fig. 4a compares instantaneous
risk observations produced by the multimodal encoder with
the Bayesian-filtered belief under real sensor noise. Instanta-
neous predictions exhibit high-frequency fluctuations caused
by sensor noise, environmental turbulence, and transient dis-
turbances. Direct use of such signals for planning leads to
unstable and overly reactive behavior. In contrast, Bayesian



(a) Outdoor uneven terrain (b) Indoor stair traversal

Fig. 3: Rover platform operating in outdoor and indoor envi-
ronments.

TABLE II: Risk belief stability under real sensor noise

Estimate MSE ↓ Delay (s) ↓ False Positives ↓
Instantaneous 0.187 0.3 0.21
Filtered (Ours) 0.032 1.1 0.05

filtering produces a smooth belief trajectory that preserves haz-
ard onset and persistence while suppressing spurious spikes.

Quantitatively, the filtered belief reduces mean squared error
by more than five times relative to instantaneous predictions,
while introducing a modest detection delay of approximately
one second. Table II quantitatively evaluates the effect of
Bayesian filtering on risk belief stability under real sensor
noise using standard accuracy and false-positive metrics. This
delay is acceptable at the navigation level and provides a
favorable trade-off between responsiveness and stability.

C. Risk Evolution Across Alternative Paths

Fig. 4b shows the evolution of the filtered risk belief
aggregated along Paths A, B, and C during a representative
physical run. Each curve corresponds to the belief associated
with a candidate corridor. Path B, instrumented with a water
hazard, exhibits an early rise in risk, followed by Path A
with a thermal hazard. Path C remains largely safe until
late activation. Warning (τ = 0.33) and unsafe (τ = 0.7)
thresholds are shown explicitly and provide actionable signals
for monitoring and replanning. Across repeated runs, the
warning threshold is crossed 4.2±1.3 s before physical hazard
contact, providing sufficient temporal margin for proactive
replanning decisions.

D. Online Path Switching in the Physical Testbed

Fig. 5a illustrates the risk experienced by the rover during
execution, with background shading indicating the selected
corridor. Vertical dashed markers denote replanning events
triggered by changes in the latent risk belief. The rover initially
commits to Path B, switches to Path C when the risk exceeds
the warning threshold, and replans again as hazards propagate.
All switching decisions occur before the rover enters unsafe
regions, confirming that the behavior is proactive rather than
reactive. Fig. 5b summarizes the system-level decision time-
line, including hazard activations, belief threshold crossings,
replanning events, and mission completion. This visualization

(a) Bayesian filtering of noisy risk observations

(b) Risk belief evolution across candidate paths

Fig. 4: Latent risk belief estimation using environment-centric
sensing. (a) Bayesian filtering suppresses noisy instantaneous
risk observations and tracks the latent hazard state under 5%
sensor noise. (b) Filtered risk belief evolution across candidate
paths; warning (τ = 1/3) and unsafe (τ = 0.7) thresholds
trigger monitoring, replanning, and emergency avoidance.

TABLE III: End-to-end system latency on the physical plat-
form

Component Mean (ms) Std (ms)

Multimodal Encoding 65 8
Bayesian Filtering 8 2
Risk Costmap Update 5 1
Path Planning 22 7

Total 95 15

highlights the causal relationship between environment-centric
risk perception, Bayesian belief estimation, and navigation
decisions in the physical testbed.

E. System Latency and Real-Time Performance

Table III reports end-to-end latency measured on the phys-
ical system. The complete pipeline operates at 10 Hz with an
average latency of 95 ms, demonstrating feasibility for real-
time deployment.

F. Quantitative Comparison with Baselines

We compare four navigation strategies: risk-unaware
(NoRisk), threshold-based reactive (Reactive), instantaneous



(a) Risk-driven online path switching during navigation

(b) Decision timeline and replanning events

Fig. 5: Risk-aware navigation behavior enabled by latent belief
estimation. (a) Rover traversal with online path switching
driven by the filtered risk belief. Background shading indicates
the active corridor, while vertical markers denote replanning
events triggered before entering unsafe regions. (b) System-
level decision timeline illustrating hazard activations, belief
threshold crossings, replanning actions, and mission comple-
tion.

TABLE IV: Navigation performance in the physical testbed

Method Success ↑ Exposure (s) ↓ Replans ↓
NoRisk (No hazard modeling) 0.82 42.5 0.4
Reactive (Threshold-based [13, 3]) 0.88 28.3 4.7
Probabilistic (Instantaneous risk [14, 2]) 0.90 19.8 3.9
EnvGuard (Ours) 0.95 12.8 2.1

probabilistic (Probabilistic), and the proposed method (En-
vGuard). The NoRisk baseline ignores hazard information
entirely and plans solely with geometric cost. Reactive uses
instantaneous risk estimates with threshold-based replanning.
Probabilistic incorporates unfiltered risk probabilities directly
as a planning cost without temporal belief filtering. Env-
Guard uses environment-centric sensing with Bayesian risk
belief estimation. EnvGuard achieves the highest success rate
and lowest hazard exposure, while avoiding the excessive
replanning observed in reactive approaches. Table IV reports
quantitative navigation performance measured on the real
physical testbed, comparing EnvGuard against risk-unaware,
reactive, and probabilistic baselines. Fig. 6 provides a detailed

TABLE V: Comparison with representative risk-aware navi-
gation methods

Method Risk Source Temporal Proactive Physical

RAMP [13] Robot No Partial No
EVORA [3] Robot No No No
Probabilistic Planning [2] Robot Probabilistic Partial No
EnvGuard (Ours) Environment Bayesian Yes Yes

quantitative comparison between EnvGuard and competing
navigation strategies across complementary performance met-
rics. Fig. 6a summarizes overall system behavior using a multi-
criteria radar plot, highlighting that EnvGuard achieves a more
balanced trade-off between safety, efficiency, and replanning
stability than reactive and probabilistic baselines.

Fig. 6b compares hazard exposure time across methods.
EnvGuard significantly reduces the duration spent in unsafe re-
gions, confirming that temporally filtered, environment-centric
risk beliefs enable earlier and more consistent avoidance of
hazards. Fig. 6c reports mission success rates. While risk-
unaware navigation frequently fails due to hazardous encoun-
ters, EnvGuard maintains the highest success rate, demonstrat-
ing that safety gains do not come at the expense of task
completion. Finally, Fig. 6d presents statistical significance
results from paired tests across physical runs. The improve-
ments achieved by EnvGuard over all baselines are statistically
significant, indicating that the observed gains are robust and
not attributable to random variation.

G. Comparison with representative risk-aware navigation sys-
tems

Table V positions EnvGuard relative to representative risk-
aware navigation systems. Prior methods such as RAMP [13]
and EVORA [3] estimate risk primarily from robot-centric
perception and treat risk either as an instantaneous signal or as
a learned traversability score, without explicit temporal belief
maintenance. Probabilistic planning approaches [2] incorpo-
rate uncertainty during planning, but typically assume risk
models derived from onboard sensing and do not explicitly
maintain a persistent environmental risk belief across time.

In contrast, EnvGuard uniquely combines (i) environment-
centric risk inference using infrastructure-mounted sensing, (ii)
Bayesian temporal filtering of latent environmental risk, and
(iii) proactive navigation decisions validated in a real physical
multi-hazard testbed. This combination enables earlier hazard
anticipation and more stable replanning behavior, which is not
supported by existing methods.

Importantly, EnvGuard is the only approach among those
compared that demonstrates proactive risk-aware navigation
using environment-level sensing with physical experimental
validation.

H. Summary of Experimental Findings

Physical experiments demonstrate that Bayesian filtering
produces stable latent risk beliefs under real sensor noise,
environment-centric sensing enables proactive avoidance of
hazards before physical exposure, and the proposed framework



(a) Multi-criteria performance (b) Hazard exposure time

(c) Mission success rate (d) Statistical significance
Fig. 6: Quantitative comparison with state-of-the-art methods. EnvGuard consistently achieves lower hazard exposure, higher
mission success, and statistically significant improvements over risk-unaware, reactive, and probabilistic baselines.

consistently outperforms risk-unaware, reactive, and proba-
bilistic baselines. These results validate the central claim of
this work: treating environmental risk as a latent, temporally
filtered state enables safer robot navigation without onboard
hazard perception.

VI. CONCLUSION

This paper introduced EnvGuard, an environment-centric
risk-aware navigation framework that enables proactive hazard
avoidance by decoupling hazard perception from the robot.
Environmental risk is modeled as a latent state inferred from
infrastructure-mounted sensing and stabilized via Bayesian
filtering into a planning-compatible belief. Experiments on a
physical rover in a multi-hazard testbed demonstrate that the
latent risk belief suppresses noise while preserving hazard on-
set, allowing danger to be anticipated seconds before exposure.
EnvGuard significantly reduces hazard exposure compared to
risk-unaware, reactive, and instantaneous risk-based baselines,
while maintaining high task success.

Two key advantages distinguish EnvGuard: (i) risk is in-
ferred from environment-mounted sensors, extending percep-
tion beyond the robot, and (ii) risk is treated as a temporally
evolving belief rather than a reactive signal. This enables
earlier, more stable avoidance in dynamic settings. Overall,
environment-centric perception with principled temporal in-
ference provides a practical pathway toward safer autonomous
navigation in hazardous environments.

Limitations and future directions. While EnvGuard supports
online replanning in response to dynamically evolving envi-
ronmental hazards, the current framework assumes calibrated
infrastructure sensors with sufficient spatial coverage and reli-
able communication with the robot. These assumptions enable
proactive risk estimation beyond the robot’s onboard sensing
range, but performance may degrade in unobserved areas, un-
der communication delay, or when camera/sensor calibration
is inaccurate. The current framework focuses on environment-
level risk and does not explicitly model fast-moving obstacles
such as people or other robots. In addition, the Bayesian
transition parameters governing hazard persistence are fixed
and selected based on domain knowledge rather than learned
online. Future work could extend the framework to jointly
reason about environment-centric risk and dynamic obstacle
avoidance, incorporate adaptive or learned hazard dynamics,
and support coordinated multi-robot navigation under shared
risk beliefs.
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