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Abstract— Recent research on mobile robot navigation has
focused on socially aware navigation in crowded environments.
However, existing methods do not adequately account for hu-
man–robot interactions and demand accurate location informa-
tion from omnidirectional sensors, rendering them unsuitable
for practical applications. In response to this need, this study
introduces a novel algorithm, BNBRL+, predicated on the
partially observable Markov decision process framework to
assess risks in unobservable areas and formulate movement
strategies under uncertainty. BNBRL+ consolidates belief al-
gorithms with Bayesian neural networks to probabilistically
infer beliefs based on the positional data of humans. It further
integrates the interactions between the robot, humans, and
inferred beliefs to determine the navigation paths, thereby
facilitating socially aware navigation. Through experiments in
various risk-laden scenarios, this study validates the effective-
ness of BNBRL+ in navigating crowded environments with
blind spots. The model’s ability to navigate effectively in spaces
with limited visibility and avoid obstacles dynamically can
significantly improve the safety and reliability of autonomous
vehicles. The complement source code can be accessed here:
https://github.com/JinnnK/BNBRLplus.

I. INTRODUCTION

Recent investigations have explored socially aware naviga-
tion using mobile robots within densely populated settings.
Traditional reactive-based methodologies such as optimal
reciprocal collision avoidance (ORCA) [1, 2] and social force
(SF) [3] find differentiating between humans and inanimate
objects, as well as comprehending social norms [4], difficult,
often resulting in aggressive path planning strategies. To
surmount these obstacles, deep reinforcement learning (DRL)
[5] has been advanced for executing complex tasks [6-8].

Nonetheless, numerous algorithms assume a Markov de-
cision process (MDP) [9] by assuming the robot’s capability
to discern human positions omnidirectionally, which may
not be feasible because of the physical limitations on the
sensors in sim2real scenarios, thereby curtailing their real-
world applicability.

To address this limitation, our study introduces a pioneer-
ing approach for ensuring safe navigation within a partially
observable Markov decision process (POMDP) framework.
This method accounts for the potential hazards in areas not
covered by sensors to ensure secure navigation. It leverages
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a single robot with a constrained field of view (FoV) within
the POMDP context.

Notably, a state-of-the-art (SOTA) algorithm [10] for
POMDP navigation employs a variational autoencoder (VAE)
to infer the positions of unseen individuals through analy-
sis of human–human (HH) interactions. However, its util-
ity diminishes considerably in environments without hu-
man–human interactions [10], and its robustness is further
challenged in real-world contexts owing to difficulties in
discerning human–human interactions amid environmental
noise.

Contrarily, our work advances a methodology that fore-
casts future trajectories solely based on the observed loca-
tions of the individuals [11], independent of human–human
interactions. By utilizing belief algorithms to estimate the
positions of non-visible individuals predicated on forecasted
data, this approach not only surpasses previous research in
robustness but also demonstrates superior performance in
environments where all sensors are powered off, as evidenced
by the experiments detailed in Section V.

Another SOTA algorithm has been investigated for its
application in multi-robot systems within a decentral-
ized partially observed semi-Markov decision process (dec-
POSMDP) environment [6, 12]. This approach [6] facilitated
socially aware navigation by employing multiple robots with
a limited FoV in a dec-POSMDP setting, thereby enabling
the detection of both humans and robots.

However, the use of multiple robots introduces complex-
ities due to the necessity of mutual detection, coupled with
the challenge of recognizing individuals beyond the FoV of
the robots. Similarly, SOTA algorithms [8, 13] employing
a single robot encounters obstacles in achieving socially
aware navigation in densely populated areas, attributed to
its limitations in processing information outside the FoV of
the robot. Therefore, these methods necessitate additional
sensors to detect risks in blind spots.

On the other hand, our study suggests methods for facili-
tating uncertainty-aware navigation through the deployment
of Bayesian neural networks (BNNs) predicated on belief
information to ascertain the probability of human collision
risks in zones beyond sensor coverage [14]. This method
does not require any additional sensors or other devices for
detecting dangers in the blind spot. Moreover, it effectively
addresses the freezing robot dilemma by identifying key fea-
tures of belief–belief (BB) and robot–belief (RB) interactions
via a spatio temporal interaction graph (sti-graph) [15-17].

Consequently, the contributions of this research are two-
fold. First, an algorithm has been devised and executed,
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which leverages trajectory prediction and belief algorithms
within a POMDP framework, relying exclusively on the
location data of individuals. This method proves more prag-
matic and effective compared to those [1, 2, 8, 13] based in
MDP environments by considering areas beyond the reach of
sensor detection, thereby mitigating collision risks and im-
proving stability. Second, by harnessing belief information,
a novel network termed as the Belief-aided Bayesian Rein-
forcement Learning + attention module (BNBRL+) has been
introduced. This innovation integrates the network utilized in
prior studies [8] with BNNs, empowering a single robot with
a restricted FoV to deduce the potential interactions among
the robot, humans, and beliefs via a sti-graph.

II. RELATED WORKS

A. Inferencing Uncertainty using Beliefs

Navigating within a POMDP framework presents multi-
faceted sources of uncertainty, particularly when traversing
areas lacking sensor data, which can cause the “freez-
ing robot” phenomenon [16]. To mitigate this, belief-based
methodologies have been deployed.

A study [18] addressed the challenges of intersection
scenarios by integrating DRL with ensemble techniques for
the computation of beliefs. Multiple networks were trained
across diverse datasets to generate a variety of beliefs re-
garding the same input for navigation purposes. However,
this strategy is based on the assumption that most hazards
(e.g., vehicles and pedestrians) exhibit predictable patterns
(e.g., pedestrians crossing roads via crosswalks).

Further explorations [19] derived beliefs by examining
agent interactions in contexts where hazards are not di-
rectly observable, such as occluded obstacles on roads.
Another research [10] identified occluded agents in densely
populated environments through agent interactions, which
is an approach designated as social perception. Despite
these advancements, these algorithms encounter robustness
challenges, attributed to inaccuracies such as false positives
and negatives. Moreover, their performance may degrade in
environments lacking interactive elements or sensor data.

B. Bayesian Neural Networks

As a belief represents a synthesis of uncertain information,
it requires a probabilistic framework to effectively manage
this ambiguity.

Conventional DNNs are prone to overfitting and exhibit
overconfidence in their predictions [14]. To mitigate these
issues, BNNs have been introduced using the Bayes by
Backprop algorithm [14]. This technique imbues weight
parameters with uncertainty by treating them as probability
distributions, thereby enhancing the model robustness and
improving generalization by acknowledging variability in
training data. Consequently, BNNs outperform DNNs in
generalization capability and ensure more reliable model
behavior by incorporating uncertainty.

In the field of BNN applications, a study [20] underscored
the advantages of Bayesian reinforcement learning (BRL) in
achieving high performance with limited data samples while

navigating uncertainties in real-world settings. This research
advocates for the use of Bayesian approaches and priors
to deduce posterior distributions in uncharted territories,
including mixed observability Markov decision processes
[21]. Thus, it efficiently inferred uncertainty information
related to gestures, achieving optimal performance.

In our work, the challenge of navigating crowded en-
vironments with inherent risks such as limited FoV and
intermittent visibility is addressed. Predicting the movements
of individuals in densely populated areas, where movements
deviate from regular patterns poses a significant challenge,
surpassing those encountered in previous studies [11, 14]. To
this end, we employed DRL and model-free methodologies,
supplemented by a trajectory predictor to estimate future
positions of individuals.

In addition, we utilized a trajectory predictor to forecast
the future positions of individuals and probabilistically in-
ferred the posteriors using belief and BNNs [11, 14]. This
approach does not rely on social perception and presents
a new method suitable for the POMDP framework. This
methodology is further detailed in Section IV.

III. BACKGROUND

A. Partially Observable Markov Decision Process

POMDP is a process in which the agent does not have
complete knowledge of all the states. It is defined by the
following elements: continuous state S, initial state S0,
action spaces A, transition probability P , observation space
Ω, observation O, reward R, discount factor γ. In each
episode, the agent starts from the initial state S0 and at
each time t, selects at ∈ A based on the observation
ot ∈ Ω detected by the sensors, according to the policy:
π(at|ot) = P[A = at|S = ot]. The policy π is updated
with the objective of maximizing the discounted cumulative
reward: E [

∑∞
t=0 γ

tR(st, at, st+1)] , where γ ∈ [0, 1] denotes
a discount factor. Additionally, the environment transitions to
the subsequent state st+1 ∈ S according to P (st+1|st).

B. Spatio Temporal Interaction Graph

The sti-graph aids robots to comprehend human behavior
and think broadly like humans [8, 15]. This module com-
prises two stages: a spatio interaction graph and a temporal
interaction graph. In addition, the sti-graph includes nodes
Vt representing agents and edges Et representing features
between the nodes at time step t : Gt = (Vt, Et). The sti-
graph analyzes Et at the same time step t, extracting the latent
features between Vt within the range of the sensor, thereby
capturing the overall movements of the agents. However,
the temporal interaction graph integrates and analyzes Gt of
adjacent time steps t, enabling the robot to yield a broad
perspective similar to that of humans.

IV. METHODS

The structure of the proposed network is described in this
section. This network uses and enhances the architecture
proposed in [8].
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Fig. 1. The structure of BNBRL+

It consists of four stages (orange boxes in Fig. 1). The first
stage (POMDP) involves the robot recognizing surrounding
individuals through sensors. The second stage (spatio inter-
action graph) is divided into parts processing visible human
data and handling invisible data. The third stage (temporal
interaction graph) employs a gated recurrent unit (GRU) [17],
and the fourth stage utilizes an actor-critic [23].

A. Partially Observable Markov Decision Process

In our work, we considered an environment exclusively
populated by robot and humans, with the robot’s FoV re-
stricted to 270°. This limitation precluded the robot from
acquiring information about agents or any out-of-range data
within the depicted gray area in Fig. 1. Consequently, the
positional information of the i − th individual at time step
t, denoted as ut

i = (pix, p
i
y), the positional information

Ut = [ut
1, ut

2, . . . , u
t
n] up to the n− th detected person can

be obtained through sensors. In addition, the past positional
information of the i−th person from time steps t−L to t−1
is defined as ut−L:t−1

i . Furthermore, information regarding
the robot is defined as wt = [ptrob, v

t
rob, g

t, vmax, θ, ρ],
including the robot’s positional information ptrob = (px, py),
velocity information vtrob = (vx, vy), destination location
gt = (gx, gy), maximum velocity vmax, heading angle θ,
and the radius length ρ. Consequently, in Section IV-A, the
information of robot wt and human position Ut is obtained
and transmitted to Sections IV-B and IV-C.

B. Spatio Interaction Graph (Visible)

We utilized the Gumbel social transformer (GST) to
effectively predict the future locations of individuals by
extracting latent features among agents [11]. The GST con-
siders the positional information of the detected individual
as input from time step t − L to t, denoted as Ut−L:t =
[ut−L:t

1 , ut−L:t
2 , . . . , ut−L:t

n ]. Additionally, it receives mask
data mt

i, indicating whether the i− th individual is detected
at time step t, and defines the mask for all individuals as

Mt = [mt
1,m

t
2, . . . ,m

t
n]. Furthermore, it uses Mt−L:t as the

input. The output predicts the future locations from time step
t+ 1 to t+K.

Ût+1:t+K = GST (Ut−L:t,Mt−L:t) . (1)

Therefore, using (1), we obtain the predicted location
information Ût+1:t+K=[ût+1:t+K

1 , ût+1:t+K
2 , . . . , ût+1:t+K

n ]
corresponding to the yellow circle in Fig. 1.

Subsequently, the correlation between human–human
(HH) and robot–human (RH) interactions is derived using
an attention mechanism [24].

The correlation of human–human is learned through self-
multihead attention, where each head allows the model to
focus on different parts of the input sequence simultaneously,
using multiple independent attentions to learn features from
various perspectives. The current and predicted locations of
individuals [Ut, Ût+1:t+K] are linearly transformed through
the learnable weights WQ

j ,WK
j ,WV

j of the j− th attention,
and query Q, key K, and value V are computed as follows:

X = [Ut, Ût+1:t+K ],

Headj = Projectionj (X) = XWQ
j , XWK

j , XWV
j .

(2)

Each head bears a different weight, enabling it to learn
distinct features or interactions. Thus, the attention value
(Attn) for the j − th head was computed as follows:

Attnj = Softmax

(
QjK

T
j√

dk

)
Vj . (3)

Qj ,Kj , Vj represent the query, key, and value tensors of
the j − th head, respectively; dk denotes the dimensionality
of the key tensor.

Finally, the output of each head is combined to generate
the final output:
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vHH = Concat (Attn1, Attn2, . . . , AttnH)WO. (4)

where H represents the total number of heads in the
attention mechanism, and WO denotes the weight applied
to the final linear transformation of the output tensor from
the multihead attention. Furthermore, the result of the hu-
man–human interaction at time step t is defined as vHH ,
enabling the model to comprehend inputs from various
perspectives and discern specific patterns or relationships.
Additionally, to expedite and enhance the convergence of the
human–human multihead attention, a mask Mt is employed
for human detection to consider only detected humans.

Robot–human attention is derived by utilizing cross atten-
tion, a mechanism for learning the relationships between two
features. While the fundamental structure remains consistent
with (2) and (3). Q and V are projected from vHH , and K
is projected from wt to compute the attention values.

Q = vHHWQ,K = wtWK , V = vHHWV . (5)

WQ,WK ,WV are trainable weights for Q, K, and V ,
respectively. Subsequently, through the same process as in
(3), vRH can be obtained; the resulting output represents the
robot–human interaction.

C. Spatio Interaction Graph (Invisible)

In [8], the position was not tracked when there were no
agents in the FoV of the robot. However, the belief algorithm
continues to predict the position even when humans are
not visible. Denoting the belief of the i − th person at
time step t by b̂

t

i, the belief algorithm updates B̂t:t+K =

[b̂
t:t+K

1 , b̂
t:t+K

2 , . . . , b̂
t:t+K

n ] given wt, Ût, B̂t−1:t+K−1, as
depicted in Fig. 1. Note that Ût and B̂t−1:t+K−1 represent
the predicted information from the time step t− 1 stored in
the buffer.

Algorithm 1 presents the pseudocode for the belief algo-
rithm. B̂t:t+K is updated based on Ût when Ût no longer
tracks the position of the agent owing to the limited FoV
(line 12). Subsequently, if B̂t:t+K−1 enters the FoV of the
robot or falls out of range, the data are reset (lines 13–18).

Assuming belief traverses along the trajectory according to
GST (line 11), it is applied to (1) based on the position at
time step t and past belief positions (lines 10, 19):

B̂t:t+K = GST (Bt−L:t−1, Nt−L:t−1) . (6)

where Nt represents the masked data for the beliefs. In
addition, the input data are initialized when a new episode
starts (lines 7–9).

The belief represents data that do not rely on sensor-
detected results and can impose a high dependence on GST.
Therefore, an error exists between the actual trajectory and
the trajectory of belief: B̂t:t+K ̸= Ût:t+K , implying that
belief cannot be applied to DNNs with overconfidence issues
[14]. Furthermore, individuals in this experiment alter their
direction and destination with a certain probability.

In our work, a framework considering the uncertainty
(BNN) was applied [14]. Given training data D, the BNN
evaluates the posterior probability p(w|D) for weights w
[16]. However, as it can not compute the probability con-
sidering all of the error from the unpredictable occurrences,
p(w|D) cannot be feasibly obtained. Therefore, it is approx-
imated as similar to the posterior through the history of the
episode. Therefore, this was inferred using the Bayesian rule:

p (w|D) =
p(Ŷ |B̂t:t+K , w) · p(w)

p(Ŷ |B̂t:t+K)
. (7)

Ŷ denotes the predicted distribution of the unknown
state. p(w) serves as the prior, representing the initial dis-
tribution of the weights, whereas p(Ŷ |B̂t:t+K , w) denotes
the likelihood, indicating how well the data are modeled.
p(Ŷ |B̂t:t+K) acts as evidence, normalizes, and provides the
probability of the data being independent of the parameters.
However, predicting the evidence is typically infeasible,
similar to the use of an infinite ensemble of DNNs.

Thus, BNNs with weight distributions were constructed to
infer p (w|D) regarding uncertainty in belief and derive the
probabilistic features of belief. Subsequently, setting X =
B̂t:t+K , the calculation of vRB is conducted using (2)–(5).

As a result, this section incorporates uncertain information
about unseen space into its path planning process. Moreover,
by focusing on high-risk beliefs through the attention mech-
anism, it navigates in a way that further enhances safety.

Consequently, according to Sections IV-A, IV-B, and IV-
C, and based on the POMDP framework, the observation at
time step t is expressed as ot = [wt, Ut, Ût+1:t+K , B̂t:t+K ].

D. Temporal Interaction Graph

Temporal interaction graph was achieved by computing the
hidden state of the GRU at time step t, using vRH , vRB , w

t,
and the previous hidden state ht−1 at time step t− 1 as the
inputs.

ht = GRU(ht−1, ([vRH , wt, vRB ])). (8)

Incorporating information from adjacent time steps widens
the sights of the robot.
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E. Actor Critic

The simulation was executed across 16 parallel environ-
ments. The actor updates the policy π(at|ot; θpol), whereas
the critic updates the value function V (ot;ϕ). θpol repre-
sents the parameters of the policy π, and ϕ represents the
parameters of the value function. The actor and critic engage
in collaborative learning [23], with the proximal policy
optimization (PPO) algorithm facilitating the optimization
process [25].

F. Reward Function

We construct a reward function R(st, at) to train the
actions of the robot in the desired direction. R(st, at) is
subdivided into six reward functions: Rgoal (st) = 10 for
when the robot reaches the destination, Rcol (st) = −10
for collisions, Rdisc (st) for when the distance between the
robot and a person is within a certain range, Rpred (st) and
Rbel(st) when the robot is above Ût+1:t+K or B̂t+1:t+K ,
and finally Rpot (st) based on the variations in the distance
to the destination.
Rdisc (st) represents a reward function designed to main-

tain a certain distance from a person according to proxemics
[4]. In our work, a penalty is incurred when within 0.5m of
a person (st ∈ Sdanger zone). In addition, a transformable
Gaussian reward function (TGRF) [26] based on a Gaussian
function incorporating social norms was applied. The reward
function is expressed as follows:

Rdisc (st) = TGRF (wdisc, σdisc) . (9)

wdisc and σdisc denote the weights and sigma of the
TGRF, respectively, set to 0.25 and 0.2.

Rpred (st) denotes the penalty incurred when the robot is
at Ût+1:t+K representing the estimated future state of the
humans.

Ri
pred(st) = min

k=1,...,K

(
1t+k
i

Rcol

2k

)
,

Rpred(st) = min
i=1,...,n

Ri
pred(st).

(10)

1t+k
i indicates whether the i − th human represents the

presence of a robot at the predicted location at time step
t+ k. Similarly, Rbel (st) represents the penalty incurred if
the robot is in B̂t+1:t+K . The formula used is as follows:

Ri
bel(st) = min

k=1,...,K

(
1t+k
i

Rcol

2k

)
γbel,

Rbel(st) = min
i=1,...,n

Ri
bel(st).

(11)

γbel ∈ [0, 1] represents the discount factor for belief,
with b̂t+1:t+K being discounted according to the number of
tracked steps. In our work, the value was set as 0.9.

Rpot (st) denotes the reward function for the distance to
the destination, which is expressed by the following formula:

Rpot (st) = 1.5(−dtgoal + dt−1
goal). (12)

The term dtgoal represents the distance between the robot
and destination at time step t. Therefore, R(st, at) is defined
as follows:

R(st, at) =
+10, if st ∈ Sgoal

−10, if st ∈ Scollision

Rdisc(st), if st ∈ Sdanger zone

Rpred(st) +Rbel(st) +Rpot(st), otherwise
(13)

Intuitively, the reward function considers a robot’s aware-
ness of people’s locations, future trajectories, and beliefs,
guiding it to select actions that enable it to reach its desti-
nation quickly.

V. EXPERIMENTS
A. Experimental Environment and Ablation Study

The experiment is conducted within a 2D environment
where the robot adheres to holonomic kinematics, implying
it faces no limitations regarding its position and orientation.
It is outfitted with a LiDAR capable of a maximum range of
5m and a FoV of 270°, allowing it to accurately determine
the positions of individuals within its FoV. The radius of
the robot is set at ρ = 0.3m, and its maximum velocity is
vmax= 1.0m/s.

The simulation area measures 12m × 12m, inhabited by 20
individuals who navigate according to the ORCA, engaging
in mutual interactions. Notably, the movements of these
individuals are unaffected by the position of the robot. These
individuals are characterized by random sizes, ranging from
0.3 to 0.5m, and velocities, spanning from 0.5 to 1.5m/s.
In addition, humans may change their destination according
to a certain probability.

An episode concludes upon the robot’s arrival at its desti-
nation, a collision with an individual, or failure to reach the
destination within a designated time limit. Diverse outcomes
are ensured through the application of random seeds, with the
training phase encompassing approximately 20,800 episodes
(approximately 1× 107 time steps).

The evaluations are performed over 500 distinct episodes,
considering metrics such as success rate (SR), navigation
time (NT), path length (PL), and intrusion ratio (ITR).

This research contrasts the newly developed method, BN-
BRL+, against SOTA learning-based methodologies includ-
ing GST + HH Attn [8] and DSRNN [13], along with the
reactive-based approach ORCA [1, 2], which serve as bench-
mark comparisons. Two additional models were introduced
to demonstrate the effectiveness of BNBRL+.

• BNDNN: Model replacing BNN with DNN in Fig. 1.
• BNBRL: Model excluding belief–belief (BB) and

robot–belief (RB) attention mechanisms in Fig. 1.

B. Result 1 (Limited FoV)

As observed in Fig. 2, BNBRL+ secures a performance
enhancement in the range 7–11% over the three baseline
models in terms of SR. Notably, GST+HH Attn is the
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Fig. 2. Evaluation metrics for decreasing FoV from 270° to 120° in increments of 30°

highest-performing baseline at a FoV of 270° (73%), which
is surpassed by BNBRL+ with an 84% performance, corre-
sponding to an 11% improvement. This result unequivocally
establishes the superiority of BNBRL+ over other SOTA
algorithms. Furthermore, BNBRL retains a performance on
par with BNBRL+ from 270° to 180°, underscoring the
significant role of belief and BNN in enhancing performance
within POMDP environments.

Although the performance of BNDNN and BNBRL align
with that of baseline models from 150° to 120°, BNBRL+
continues to exhibit an approximately 10% advantage over
competing algorithms. Therefore, the integration of belief
and BNN via the attention mechanism strengthens its ro-
bustness and improves the performance even within the
150° to 120° range when compared to the DNN model.
Consequently, BNBRL+ demonstrated high performance and
robustness under constrained FoV conditions, highlighting
the advantageous impact of belief algorithms, BNN, and
attention modules.

As observed in Fig. 2, the metrics NT and PL provide
insights on the robot’s movement duration and traversed
distance, respectively. These parameters typically exhibit a
proportional relationship, reflecting similar trends. Thus, BN-
BRL+ is observed to either match or outperform DSRNN and

GST+HH Attn, while significantly outperforming BNDNN
and BNBRL. This aspect warrants analysis from both per-
spectives of efficiency and socially aware navigation. In-
creased NT and PL values indicate paths that are socially
considerate (deemed safer by humans with minimal collision
risk) but do not necessarily imply high efficiency.

In contrast, reduced NT and PL values facilitate socially
aware navigation but might lead to less efficient trajectories.
Therefore, NT and PL are inversely related to efficiency
and tend to correlate with the ITR metric, indicative of
socially aware navigation. It is imperative to finely tune
this balance to achieve optimal efficiency and SR. Based
on this perspective, BNBRL+ consistently attains a high SR
while ranking as the third most efficient model, exemplifying
effective socially aware navigation alongside commendable
performance and efficiency.

C. Result 2 (Blink)

Robots may encounter scenarios where data are compro-
mised or lost due to noise and physical constraints. Such
instances are often misinterpreted by algorithms as either the
non-presence of humans who are rapidly advancing toward
their objectives or stopping due to errors. It is essential for
robots to possess mechanisms that safeguard human safety
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Fig. 3. Comparison of driving paths for the blink scenario

TABLE I
EXPERIMENTAL RESULTS IN BLINK SCENARIO

Navigation Method SR(∆) (%) NT(∆) (s) PL(∆) (m) ITR(∆) (%)

ORCA [1, 2] 63 (-1) 14.12 (+0.38) 16.8 (-0.11) 8.24 (-1.54)

DSRNN [13] 22 (+1) 24.16 (+0.12) 26.26 (-2.55) 6.61 (-1.64)

GST+HH Attn [8] 63 (-11) 14.37 (-0.8) 18.84 (-1.4) 5.49 (-0.19)

BNDNN 68 (-16) 17.02 (-0.74) 22.05 (-1.63) 4.12 (-0.07)

BNBRL 70 (-13) 15.66 (-0.78) 21.02 (-1.39) 4.62 (-0.05)

BNBRL+ (Ours) 75 (-7) 14.84 (-1.03) 20.45 (-1.28) 4.99 (-0.18)

in these situations.
The phenomenon of ”blink” involves a scenario where a

robot operates with a FoV of 270° for 12 time steps, followed
by 2 time steps with an FoV of 0°, leading to intermittent
disruptions in LiDAR data. This setup is utilized to assess
the performance of the algorithm and robustness when the
FoV of the robot alternates to 270°.

The trajectory and performance of the robot are depicted
in Fig. 3 and Table 1. Although the ORCA method exhib-
ited minimal performance fluctuations, it was marked by a
significant ITR. As depicted in Fig. 3, the robot tends to
approach humans during blink episodes. Nonetheless, owing
to its rapid adaptation to changes in visibility, it manages
to maintain a relatively high SR. However, its elevated ITR
renders it less viable for socially aware navigation, with the
reduction in ITR attributed to the index not escalating during
blink episodes.

The DSRNN manifested a low SR alongside heightened

NT and PL metrics. Moreover, an increase in ∆NT while
reduction in ∆PL suggests the occurrence of the “freezing
robot problem” owing to a lack of data resulting from failure
to detect humans during blink situations. As portrayed in Fig.
3, DSRNN opts for considerably elongated routes to avert
human collisions but frequently fails to reach the proximate
destination, indicating ineffective learning due to inadequate
human-related data.

GST + HH Attn experienced an 11% SR reduction,
coupled with decreases in NT, PL, and ITR metrics. This
outcome is likely influenced by the GRU, which facilitates
safe and efficient navigation paths even in blink scenarios.

Therefore, relatively low NT and PL indices are observed
during blinking. Nonetheless, if an individual is positioned
outside the FoV during a blink episode, the inability of the
system to adequately react to the person leads to collisions,
identified as the primary reason for the decline in SR.

The BNDNN exhibited a significant reduction of 16%—a
downturn attributed to the overconfidence dilemma intrinsic
to DNN. Consequently, BNDNN excels in scenarios en-
dowed with an expansive FoV, because of the negligible
disparity between actual and belief trajectories. Nonetheless,
in instances where the FoV = 120–150° or belief inac-
curacies increase, this overconfidence detrimentally affects
the performance (Table 1). Therefore, integrating the BNNs
significantly improved both performance and robustness.

The BNBRL+ ensemble recorded reductions in NT, PL,
and ITR, alongside maintaining a relatively elevated SR
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with minimal SR degradation. As illustrated in Fig. 3, the
robot adeptly interprets human movements to navigate safely
and efficiently. Moreover, even when minimal numbers of
individuals are positioned outside the FoV, similar to GST
+ HH Attn, or during blink episodes, BNBRL+ persistently
maneuvers to evade the anticipated future paths of individu-
als based on belief.

In contrast to other models, this distinct approach demon-
strates its superior performance, ensuring successful arrival
at the destination, which is not consistently realized by GST
+ HH Attn. Additionally, a comparative analysis with BN-
BRL highlights the effective synergy between the attention
mechanism and BNN.

VI. CONCLUSIONS
This paper introduces an innovative methodology that

integrates a belief algorithm within the POMDP framework
and a BNN into DRL. The model showcased exceptional
performance and robustness relative to other SOTA algo-
rithms in challenging environments characterized by various
risk factors, including limited FoV and intermittent visibility
(”blink”). Consequently, this approach demonstrated consid-
erable effectiveness, marked by certain constraints. However,
our methodology relies heavily on trajectory prediction.
Therefore, the algorithm is likely to be affected by the accu-
racy of the prediction algorithm. Therefore, future research
is anticipated to reduce the dependence on the prediction
algorithm and to delve into more nuanced scenarios.
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