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Abstract— Mobile robots have become more and more popular
in large-scale and crowded environments, such
shopping malls, etc. However, due to sparse landmarks and
crowd noise, localization in this environment is a great challenge.
Furthermore, it is unreliable for the robot to navigate safely in
crowds while considering human comfort. Thus, how to navigate
safely with localization precision in that environment is a critical
problem. To solve this problem, we proposed a curiosity-based
framework that can find an effective path with the consideration
of human comfort and crowds, localization uncertainty, and the
cost-to-go to the target. Three parts are involved in the proposed
framework: the distance assessment module, the Curiosity for
Positive Content (CPC), namely information-rich areas, and the
Curiosity for Negative Content (CNC), namely crowded areas.
CPC is introduced when the real-time localization uncertainty
evaluation is not satisfied. This factor is predicted through the
propagation of uncertainty along the candidate trajectory to
provoke the robot to approach localization-referenced landmarks.
The Human Comfort and Crowd Density Map (HCCDM) based
on the Gaussian Mixture Model (GMM) is established to calculate
CNC, which drives the robot to bypass the crowd and consider
human comfort. The evaluation is conducted in a series of large-
scale and crowded environments. The results show that our
method can find a feasible path that can consider the localization
uncertainty while simultaneously avoiding the crowded area.

Index Terms一Motion and Path planning, service robotics,
localization, autonomous vehicle navigation.
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Figure 1. Illustration of the proposed method. Our method with Curiosity for
Positive Content (information-rich areas), and Curiosity for Negative Content
(crowded areas), is able to generate a human-friendly path (red) that
simultaneously avoid crowds and approach landmarks, which makes humans
comfortable and minimizes state estimation uncertainty. Besides, the method
with Curiosity for Positive Content (green)
approaches the landmark area, but it may lead to a high collision risk with
humans. Additionally, the method of only considering Curiosity for Negative
Content (yellow) does not perform well in localization. The traditional path
planner (original) enters both crowded and landmark-deficient areas, resulting
in large localization uncertainty and comfort reduction.
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Consequently, state estimation is inaccurate because of the
sparse landmarks and measurement noise generated by humans
[2]. Besides, robots driving into crowded areas may cause
the ’’freezing robot problem”that the robot either makes no
forward progress or takes extreme evasive action to avoid
collisions within the crowd, let alone consider human comfort
[3]. Therefore, how to generate feasible trajectories in such
environments becomes an essential problem for robots [4].

To solve the above problem, we proposed a curiosity-based
planner focusing on human comfort, crowds, and localization
uncertainty. From a psychological point of view, curiosity
is the internal psychology of animals that instinctively want

to add information about something when all
the information is blank. This information can be divided
into Curiosity for Positive Content (CPC) and Curiosity for
Negative Content (CNC). In our curiosity-based framework,
curiosity is defined as the unsupervised act affected by the

that contain different types of content based on the
robots’current condition. We defined information-rich areas,
which contribute to localization as CPC and defined crowds
as CNC. In addition, we use the distance between humans
and robots to quantify human comfort. Our proposed method
aims to seek a feasible path considering both low localization
uncertainty and human-comfort behavior to satisfy navigation
in large and crowded environments. Therefore, when the

I. INTRODUCTION

N the past few years, with the rapid development of
robots, service robots driving in terminals, shopping malls,

exhibition malls, and so on have attracted growing attention
[1]. The operating scope of service robots is relatively large in
such environments that have dense crowds and lack landmarks.
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positioning information of the robot is insufficient, CPC will
be generated to inspire the robot to move to places with more
landmarks to add information. Otherwise, CNC will update
during the navigation process to provide crowd information,

driving the robot away from the crowds.
The rest of the paper is outlined in the following ways. The

related work is presented in Section II. Section III gives the
statements of the problem formulation. Section IV shows the
methodology. A series of experiments illustrate the efficiency
of our method in comparison to prior research in Section V.
Finally, the discussion and conclusion of the research study
are presented in Section VI.

uncertainty and energy efficiency, an optimum trajectory plan¬
ning technique based on an upgraded dolphin swarm algorithm
is suggested in [12]. Pepy et al. [13] presented an efficient way
to plan paths in an uncertain-configuration space using Safe-
RRT, which can find safe paths despite the robot uncertainty.
Similar approaches have also been published in [14], [15]

to address this issue. Although the above tactics
robots localize accurately, they fall short in extremely dynamic
environments. As can be seen from the analysis above, the
dense crowd and sparse landmarks in the large environment
increase the observation noise of the robot. Thus, taking
human awareness and localization uncertainty into account at
the same time during the navigation process is still unsolved.

Therefore, to propose a feasible solution to the above prob¬
lem, we proposed a path planner to facilitate human-friendly
path planning while decreasing localization uncertainty in

large-scale and crowded environments. For accurate local¬
ization, a real-time uncertainty evaluation strategy and CPC
are introduced to reduce the localization uncertainty. Besides,
the Human Comfort and Crowd Density Map (HCCDM) is
proposed to calculate CNC for the robot to generate a human-

friendly motion plan in cluttered

helpcan

II. RELATED WORK

How to realize the harmonious coexistence of humans and

robots in the environment has been extensively studied over
the last decade. In this section, we intersect two main topics
of socially aware navigation systems represented by two main
questions: (i) f,How to navigate in the crowded environment?,\

and (ii) ,yHow to mitigate localization uncertainty during
navigation in large scale and crowded environments?”.

Many studies to answer the question ,yHow to navigate in
the crowded environment can be found in the following
literature. Some path planners have been successfully deployed
in crowded environments and have achieved considerable
success. Everett et al [5] proposed a navigation scheme
which is based on deep RL and LSTM. Although this
method can travel autonomously in crowded environments by
following specific behavioral guidelines, it can not solve the
’’freezing robot”problem when robots move in a crowd. For
mitigating the freezing problem, Cai et al. [6] developed a
novel path planner that contains the Improved Virtual Doppler
Method {IVDM) and the Collision Risk and Human Space
(CR&HS) modules, which can drive robots to bypass the
crowd. Aiswarya et al. [7] used the RRT algorithm for
path planning and collision avoidance in a collaborative 2D
workspace. Narayanan et al [8] developed an unified method
for pedestrian-aware navigation, which has high efficiency in

crowded environments. Majd et al [9] combined time-based
RRTs with Control Barrier Functions (CBFs) to develop safe
mobility plans in dynamic situations with a large number of
pedestrians. However, they cannot guarantee stable high-speed
operation and meet the requirements of human comfort in
large, crowded environments due to the lack of localization
uncertainty consideration.

Several robot navigation frameworks have been imple¬
mented and demonstrated to answer the question ,yHow to

mitigate the localization uncertainty during navigation in large
scale and crowded environments?ÿ. Zhang et al. [10] sug¬
gested using a receding horizon strategy to create a trajectory
that takes into account localization uncertainty, collision risk,
and path length. However, the computation cost rises
result of the expansion of the planning space to include all
restrictions. Tyler [11] introduced the distributionally robust
RRT (DR-RRT), which considers moment-based ambiguity
sets of distributions incorporating localization uncertainty, and

external environmental uncertainty. To balance localization

areas.

III. PROBLEM FORMULATION

As mentioned above, the key point of navigation in a large-
scale and crowded environment is to find a feasible path to

bypass the crowd and reduce the uncertainty of localization.
We designed a curiosity-based cost function and incorporated
it into the rapidly exploring random tree-base path planner
scheme to find a feasible trajectory. We use M to represent the
map of the environment created by the robot. 0ÿbs{t) repre¬
sents obstacles including humans vector ped{t) and landmarks
vector◎漏rfc. represents the free space at time t. The
robot’s systems are nonlinear and only partially observable.
The discrete-time description of its dynamics and sensors is
depicted as:

mt ~ A/"(0,Mt)

nt ?

— [Zt 5 Ztÿ]*

尤t = f (尤

zt = g{xt,nt),

xt = [x1

⑴

⑵

theta] (3)y Zt

G x is the valid robot state vector in the state space

ut £ U is the control vector in the control space U. mt
(nt) is the noise with mean 0 and variance Mt (Nt). x", and
yn are two-dimensional plane coordinates of the robot, and

theta is the angle. is the independently measured distance.
The measurement vector of the robot is zt G Z and Z is the
observation space.

During the navigation process, the path planning is
peated at each time step At. qÿ : {qj, , ..., q j} represents
nontrivial candidate trajectories generated in jth time step.

{KMU，⋯，Hj,Kÿuj,K]T} contains a number of
states, control inputs, k is the index of state along the path.as a
The optimal path from a set of nontrivial trajectories in jth

time step can be formulated by

Qÿpt = min

Qjÿl = froot-)

qlj G Ofree(t), \/t e At}.
⑷s.t.
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Figure 2. The curiosity-based path planner's system diagram. Evaluation Module computes the cost of the various trajectories created by the Trajectory
Generator, and the trajectory with the lowest cost is deemed the best.

qlj X is the starting point of the robot at jth time step and
froÿt is the root of the rapidly-exploring random tree. C\')
is the objective function to find the optimal one from a set of
nontrivial trajectories and is expressed

Algorithm 1: Trajectory Generation

Input: Map M, Goal g
Output: Trajectory candidates ql-

i q) = 0ÿ

2 Tree InitializeTree();
3 qrand Sampling(M);
4 qnear t Nearest(qrandÿTree).,
5 [Qnew ~ Steer qnewÿ，
6 Tree = Extend(qnearÿqrand)，
7 if ObstacleFree(qnew) then

qneighbor I FindNearNeighborlyee,qnewy,
Qmin ~ PCLTeflt (ÿqneighbor，Q_near •> Q_new)，
TV€€.dddÿQqjiin Qnewi )>

_ Tree t Rewire[qneighborÿqnewÿTree).ÿ

qZj •<— FindPathCandidates(Tree);

as

叫)i £{qÿ) < Thr'

制 州_1(由制）
⑶

i{-) is the evaluation of localization uncertainty and Thr'
is the localization threshold. When i{q]) is higher than
given threshold, we consider localization to have failed. <ÿ(-)
represents the formulation of CPC. This means that when
the localization is uncertain, CPC will yield to navigating the
robot to the information-rich area. u>\ is the weight. £(•) is
the socially aware cost function. It consists of the distance
assessment module and CNC. CNC will increase, when the

robot moves into a crowded area. Therefore, the robot will be
drawn to an open area to avoid crowds. Moreover, considering
both CPC and CNC, the robot is attracted to landmark-rich

with few pedestrians. The formula of £(•) is:

a

8

9
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11
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IV. METHODOLOGY

The system for trajectory creation and assessment in the
planning stage is shown in Fig. 2. The rapidly exploring
random tree-based planner scheme is used in the Trajectory
Generator, which constructs a list of potential paths from
the robot’s present position to the next position. Second,

we calculate the localization uncertainty of the current robot
position. If the localization uncertainty is higher than the
threshold, CPC will be introduced in the Evaluation Module
and the trajectory with lower localization uncertainty will be
rewarded and vice versa. Third, the Evaluation Module is
leveraged for the best path with minimum cost.

areas

K

CWj) = w./Hiq]) + w3YÿVÿq.lkÿg\ (6)

k=l

where !>(•) is the distance assessment module, which is similar
to the traditional method [16]. H(-) represents CNC containing
human comfort and human density. The weight wi, W2, and

ws are optimized manually according to a series of offline

tests. When w\ increases, the robot will drive close to the area
with more landmarks. As W2 increases, the robot will be far
away from the crowd. Adjusting W3 makes the robot choose
a trajectory with a short distance to run. In sum, the target
of this paper is to find g] that minimizes the cost function in
equation 4.

A. Framework Design

The workflow of Trajectory Generator can be seen in Alg.
1. Sampling(•) is used to generate the random point qrand



State estimation covariance matrix

Covariance matrix of prediction
Variance of state transition uncertainty
Uncertainty of not having yet taken observations
Kalman gain; State feedback gain
Mean state estimation covariance matrix

system by taking the appropriate partial denvatives of equa¬
tions (1) and (2).

xt =

zt = + ntÿ

uft_l9 and zft are error quantities. Intuitively, xt —
is the deterministic nominal value. However, xt will not

be accessible throughout execution. Therefore, Xt is defined
to estimate the true value xt, xt ~ To determine
whether CPC should be considered, we measure the uncer¬
tainty of the current state by calculating the trace of the
state estimation covariance matrix The uncertainty of the
robot’s current position 彳can be measured quantitatively as:

g(.Tf_i) = Trace(Sf_i).

m卜鄭，Af;) (7)

n卜難TV;). (8)

m t

(9)

2) Calculation of CPC: In the situation of large localization
uncertainty, we calculated CPC by uncertainty prediction [2]

to drive the robot to an area with high localization accuracy.
We use a Kalman filter to maintain the Gaussian state estimate.
A process step predicting the associated covariance of the next
state is:

= AtYi-t-iA-t1' + M[

— ~ LtCtÿtÿ

where Lt is the Kalman gain. The recursive function for the
mean is shown below:

(lÿ)

(11)

fH = (At — (12)

Kt is the state feedback gain. Moreover, the distribution of
the state estimates is:

P(xt) = N(xlAtÿÿt)

M = (At — BtKt)At_认At — BtKtf + LtCt%. (14)

(13)

P{xt) defines the distribution
of the online state estimate covariance plus the uncertainty
caused by the lack of observation value. The uncertainty of
one nontrivial trajectory is

trajectories as theover sum

K

細 Errace(AU + sU). (15)

k=l

The higher the uncertainty of position is, the less curious it is
to the robot. The definitions of the variable are discredited in
Table I.

Table I
PARAMETERS AND DESCRIPTION

Symbol Description

4

Algorithm 2: Optimal Trajectory Generation

Input: Trajectory candidates Current state xt-i
Output: Optimal path from a set of candidates Qopt

l Humans ped, Landmark OmarAÿÿ
2 while g not reached do

Observe(Omarfc,

Delete unreachable trajectories(ÿ, xc, t);

Predict ped at time * At;
£= UncertaintyCalculate(Xt_i).ÿ
if £> 了/ir’then

I Introduce CPC Pÿpc\

3

4

5

6

8

else

|_ PCPC=ÿ\

Build K-D Tree T\ped);
for i < Number of candidates do

for k < size(qj) do
Distance Assessment Set Pms\
Introduce CNC Set PCNC\
k++;

9

10

11

12

13

14

15

16

Z++ÿ

Cf = CostCalculate(PDis, PCNCÿPCPCY,
Qÿpt Min(£/);
if Qÿpt = 0 then

break;

else
move along qopt for one step;

17

18

19

20

21

22

23

in O/ree- Nearest(') is to search Tree for the nearest point

Qnear Qrand- StcCTÿ'ÿ) CXtCIlds TTCC from Qrtear Qrand

with path r considering the kinematic constraint of robots.
represents the end of the path r. qnear is the neighbor

point of qnew. FindNearNeighbor( •) is the function to

reselect the neighbor point of qnew on Tree. Rewire(-) is the
rewiring process of Tree to reduce redundant length. These

processes are repeated and the Tree continuously updates
during each time step At. Candidates on the Tree for robot
navigation are generated through FindPathCandidates{-).
FindPathCandidates(') is the function to select the trajec¬
tories that are collision-free and conform to the robot motion
model as candidates.

The procedure of effective path generation based on Eval¬
uation Module is shown in Alg. 2. During the navigation
process, the robot updates its observations (see lines 3 to

5 ). Moreover, Evaluation Module, which contains CNC,
CPC, and distance assessment modules, is executed to find

an optimal trajectory from a set of candidates (see lines 6 to
23).

.

Qnew

B. Curiosity for Positive Content (CPC)

1) Evaluation of Localization Uncertainty: We defined
CPC as a probabilistic model that is designed to reduce the
localization uncertainty of the robot in large-scale and crowded
environments. We construct the following time-varying linear



5

the simulation platform2. The robot in theis adopted
simulation environment is mounted with a 3D laser sensor

C. Curiosity for Negative content (CNC)

We first establish the Human Comfort and Crowd Density
Map (HCCDM), which is based on GMM to calculate CNC.
The establishment of HCCDM is divided into three steps: the
crowded cluster, HCCDM construction, and HCCDM update.

1) Online Crowd Cluster: To quickly classify crowds and
individuals online to satisfy real-time planning, a KD-tree is
set up with individuals pedi = (xi,yi) as input. Then, we do
a range search on the established tree with social distance1
as a threshold. When the distance between individuals is less
than the social distance, we assume these individuals form a
crowd.

2) HCCDM Construction: After clustering, a mapping pro¬
cess based on GMM is performed to represent the crowd and
human comfort. To the best of our knowledge, the Gaussian
Model (GM) is the most efficient algorithm to model the
human comfort of individuals, which is time-consuming in a
crowded environment. Therefore, we only build the human

density model of crowds instead of individuals. Bypassing
the crowd can ensure that the individuals’comfort in the
crowd is not affected. In individual terms, human comfort
will be considered. These two models are based on the two-
dimensional Gaussian Model (GM). The probability density
function is defined as:

as

(Sick Laser). The Adaptive Monte Carlo Localization algo¬
rithm (AMCL) 3 is used for localization. In order to make
the simulation close to the real environment, humans move
in different directions and speeds within the environment. We
designed four basic environments, which are shown in Fig.
3. Thirteen scenarios are generated by changing the number
of humans, laser observation rates, and landmark numbers in
four basic environments. Notably, the maps of scenarios after
changing the number of landmarks are slightly different from
those of base environments. The parameter configuration of
different scenarios is shown in Table II. The configuration
of different environments is designed based on the control
variable method, and the specific value of the parameter is
given randomly. In Env3 (S*), we use the Hybrid Reciprocal
Velocity Obstacle (HRVO) [18], which is one of the popular
methods to simulate human motion. The laser observation rate

is defined by the ratio of the laser observation area to the
map size. A lower laser observation rate indicates a larger
environmental scale. These maps are built by Occupancy Grid
Map4. The landmark number is the ratio of the number of
landmarks occupied by grids to the total number of grids.

In terms of the comparison algorithm, to show the supe¬
riority of the proposed method, planners that consider CPC

CNC only, and two human-aware path planners (Risk-

RRT [19], Bi-Risk-RRT [20]) are used in the comparison.
The experiment is repeated ten times for each algorithm
in each scenario. For a more comprehensive evaluation of
the algorithm, the evaluation of planners is split into three
parts: localization evaluation, human
and efficiency evaluation.

exP{~2ÿ
_

~ Mg)}Eg) or1/227T|Sg|
(16)

0
where /ig is the mean, and Dg

matrix, //g and (jg

the cluster. The function is defined as:

Pg = ped“ ag = Dpd

lÿg = Cijpedgÿ， = Dpd

is the covariance
0

given by the numbers of human (e) inare
evaluation,awareness

(17)
£> 1.

B. Localization Evaluation

From the perspective of the localization, we used the root

mean square error (RMSE) [21] and the ratio of the local¬
ization covariance matrixÿtrace convergence time to running
time (TCM)
localization accuracy, and TCM is used to assess the time of
the first convergence of localization. Besides, the number of
mutations (NM) represents the number of vibrations caused
by inaccurate localization after the first convergence. Exper¬
imental results of different methods in twelve scenarios are
shown in Table III.

As Table III shows, methods with curiosity for information-
rich areas (our method and adding CPC) have the lowest
RSME, TCM, and NM. Besides, with the decrease in
lidar observation rates and landmark numbers, methods with
the proposed CPC can still maintain the lowest values. It
means that with a lower RSME value, the proposed method
achieves accurate localization during the navigation process.
In addition, the proposed module can reach the state of accu¬
rate localization in a short time and can provide continuous
accurate localization, which has a lower TCM and NM.

the personal distance [17]. C(-) is usedDpd is defined
to find the center of the circumcircle formed by pedestrians

pedg = {pedn,n = 1, 2, • • •, e} in the cluster. The function
1Z{') is defined to

function of HCCDM is shown below. p(kf) is the weight of
the component of the probability density function. The CNC

as

calculate the radius of the circumcircle. The metrics. RMSE is used to evaluate theas

of qlj in HCCDM is calculated by

K'

(18)

kf=l

3) HCCDM Update: Since not all pedestrians will affect
robot navigation (e.g., pedestrians who are far away from the
robot), Working Zone [6] is used to represent the work area
of the robot. To reduce computation, we update HCCDM by
filtering pedestrians leaving the Working Zone, because these
pedestrians have no impact on the navigation of the robot.

V. SIMULATIONS AND RESULTS

A. Experiment Setup

We carry out experimental studies based on the Robot
Operating System (ROS) and a computer with Ubuntu 16.04

1https://en.wikipedia.org/wiki/Proxemics

2Video demonstration available at https://youtu.be/t83CQcAm904
3http://wiki.ros.org/amcl
4https://en.wikipedia.org/wiki/Occupancy_grid_mappings
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Figure 3. Qualitative testing of the planner in four different maps, (a) Environment 1. (b) Environment 2. (c) Environment 3. (d) Environment 4.

Table II
EXPERIMENTAL PARAMETER CONFIGURATION. THE LASER OBSERVATION RATE IS DEFINED BY THE RATIO OF THE LASER OBSERVATION AREA TO THE

MAP AREA. LANDMARK’S NUMBER IS EQUAL TO THE RATIO OF THE NUMBER OF GRIDS OCCUPIED BY A LANDMARK TO THAT BY MAPS.

Envl Env2 Env3 Env4
SI S2 S3 SI S2 S3 SI s* S2 S3 SI S2 S3

Number of human
Ratio (human/m2)

Laser observation rate
Landmark number

25 31 37 28 34 40 25 25 30 40 27 27 40
40/420.14

3.91%
28946/303983 31397/292351 31397/292351 16274/218736 16274/218736 20254/218737 17970/348668 17970/348668 17970/348668 19401/348668 26121/337606 30645/337606 26121/337606

25/378.30
4.35%

31/363.82
4.52%

37/363.82
4.52%

28/272.21
8.87%

34/272.21
3.94%

40/272.21
3.94%

25/433.91
7.43%

25/433.91
7.43%

30/433.91
3.79%

40/433.91
3.79%

27/420.14
7.67%

27/420.14
3.91%

Table III
LOCALIZATION METRICS

Our method (CPC & CNC)

RMSE 4. TCM l NM|RMSE|
Adding CPC Adding CNC

NM l RMSE| TCM 4, NM 4, RMSE|
Risk-RRT Bi-Risk-RRT

NM i RMSE i TCM| NMTCM I TCM|

SI 0.34土0.01 5.82%土0.32 (丨 0.34土0.02 5.26%±0.20 0 0.46士0.12 36.74%土11.54 2 0.50土0.13 67.04%土29.08 1 0.38土0.06 22.16%土12.51 2

Envl S2 0.33土0.01 6.38%土0.40 0 0.33土0.01 5.67%±0.39 1 0.38士0.05 35.48%土6.24 1 0.34土0.01 31.21%±6.24 1 0.36土0.02 31.80%土5.68 1
S3 0.33土0.01 6.34%±0.47 0 0.33土0.01 5.51%土0.41 1 0.37土0.04 28.21%±7.58 1 0.34土0.03 30.87%土1.71 1 0.37土0.03 23.38%土7.76 2

S1 0.15土0.01 14.01%土0.35 0 0.18土0.02 15.37%土2.56 0 0.15土0.02 15.30%土1.91 0 0.18土0.02 20.52%±7.83 1 0.18土0.01 14.72%土1.94 1
Env2 S2 0.15±0.01 11.89%±0.5 0 0.16土0.01 13.05%土1.50 1 0.18士0.02 15.96%土2.49 2 0.26土0.04 21.96%±6.89 1 0.21土0.03 21.66%±12.70 1

S3 0.14土0.01 10.37%土0.4 0 0.15土0.15 11.30%土1.91 0 0.18士0.03 20.41%土4.54 1 0.20土0.04 14.57%±3.47 1 0.20土0.05 12.86%土1.68 1

S1 0.20土0.01 6.51%土0.54
S* 0.22土0.02 7.13%土0.23
S2 0.20土0.02 7.10%土0.92
S3 0.21土0.01 7.14%土0.27

0 0.20土0.01 6.25%土0.35
0.23±0.02 4.96%土0.09
0.21土0.01 6.46%土0.24
0.21土0.01 6.86%土0.25

0 0.23±0.04 6.57%土0.22
0.25±0.03 9.01%土4.77
0.24±0.04 7.74%土0.59
0.31±0.08 9.60%+2.73

0.24±0.02 7.16%土0.21
0.59土0.44 10.13%±2.97

0.44土0.24 7.10%土0.44
0.33土0.07 7.22%土0.90

0.27土0.04 6.79%土0.29 2
0.37土0.25 13.13%土6.65 1

0.30土0.05 34.10%土37.26 2
0.32土0.07 27.69±33.26 3

3 2
0 0 2 2

Env3 0 0 2
0 1 2 2

S1 0.29土0.01 8.61%土1.27

Gn\4 S2 0.29土0.01 6.63%土0.18
S3 0.31土0.02 7.10%土0.34

0 0.30土0.01 8.77%土1.25
0 0.29土0.01 6.86%±0.40 0 0.39土0.06 44.67%土8.72
0 0.32土0.02 6.44%±0.36 0 0.33土0.03 8.20%土1.77

0 0.32土0.02 14.99%土7.24 0 0.37土0.03 25.78%土15.43 0 0.40±0.06 42.21%土3.94 0
1 0.48土0.06 51.25%土8.95 1 0.40土0.02 41.89%土3.63 0
1 0.56土0.05 69.89%土2.26 0 0.57土0.14 69.86%土10.23 0

Table IV
HUMAN AWARENESS METRICS

Our method (CPC & CNC)
TD|

Adding CPC
MD t NT 4

Adding CNC Risk-RRT
MD t NT|

Bi-Risk-RRT
MD t NT| TD| TD I MD t NT| TD TD| MD t NT

1.89±0.26 0

Envl S2 1.57%土1.55 1.51±0.25 1
S3 1.72%±1.86 1.51±0.27 1

SI 0 2.28%±2.25 1.40土0.22
3.42%土3.12 1.37土0.40
3.57%±3.72 1.30土0.33

6.78%土8.64 1.32±0.26 2
8.17%±3.02 1.07土0.22 2
7.41%土4.83 1.00士0.19 2

12.46%土8.64 0.95±0.49 5
18.05%土8.60 0.85土0.06 4
11.74%土4.37 0.91士0.21 4

18.56%±11.14 0.76±0.22 8
17.30%土5.19 0.86土0.19 3
20.52%±8.33 0.83±0.03 3

1.70士0.04 0 23.93%±18.67 0.92土0.25 4
Env2 S2 0.93%士0.91 1.57士0.20 1 9.32%±8.23 1.07土0.37 4

S3 4.04%±1.20 1.16±0.19 1 5.10%士2.31 1.11±0.25 2

S1 0 6.50%土2.50 0.94±0.12 2 28.06%土9.02 0.73土0.27 10 26.49%±6.40 0.83±0.13 5
11.69%±2.65 0.97±0.16 3 18.32%土14.49 0.95±0.12 5 20.09%±5.82 0.95土0.21 4
25.15%土12.67 0.95士0.11 4 40.60%±25.43 0.82土0.10 6 25.90%士5.34 0.93±0.17 5

S1 0.11%±0.24 2.10士0.47

2.39士0.48

S2 1.68%±1.86 1.48±1.86
S3 1.22%土2.19 1.64土0.37

5.72%±1.67
8.54%±5.76
4.80%土4.63
6.18%士4.66

1.19土0.19
0.94±0.22
1.32土0.63
1.10士0.30

2 9.16%土6.53 0.95±0.10
12.92%土10.57 0.49±0.34

4.31%土1.70 1.04±0.17

16.84%士3.19 0.91士0.22

2 26.54%±9.62 0.64士0.33

20.85%±15.70 0.76土0.26
22.84%土10.14 0.67土0.39
45.91%士16.07 0.78土0.10

16 31.52%±21.54 0.96±0.12
18.13%±12.76 0.85±0.26
28.36%±16.89 0.87土0.12
36.39%土12.36 0.93士0.19

3
S* 0 0 2 3 3 4

Env3
1 2 4 5
1 2 5

1.75士0.23 0 9.63%±3.36 1.13土0.17 3
Env4 S2 1.50%土1.72 1.47土0.06 1 16.77%±6.15 0.97土0.33 4

S3 1.97%±1.82 1.50士0.21 1 16.84%士1.66 0.96士0.09 4

S1 0 5.89%土6.54 1.20±0.17 2
15.88%土8.16 0.96±0.10 4
17.56%±6.55 1.11士0.24 3

14.24%±2.92 1.03土0.19 4
19.95%±2.82 0.77土0.27 6
26.23%土4.87 1.00士0.18 7

16.98%土8.34 0.96土0.12 4
18.32%±1.92 0.93土0.17 5
22.78%土11.99 0.80±6.54 4

Table V
EFFICIENCY METRICS

Envl Env2 Env3 Env4
SI S2 S3 SI S2 S3 SI S* S2 S3 SI S2 S3

0.91士0.01 0.92士0.04 0.91土0.01 0.88土0.01 0.91土0.02 0.89土0.02 0.93土0.01 0.88土0.02 0.93土0.01 0.92土0.02 0.87士0.02 0.89土0.01 0.90土0.01
Length 39.62土0.30 40.05士1.33 40.16土0.40 30.97土0.69 35.00土0.96 31.40士0.77 39.45土0.39 39.59士0.48 39.88士0.77 40.97土1.39 42.37土0.26 43.27士0.87 41.83土0.78
Time

Vel
Our method

(CPC & CNC)
43.78土0.68 43.33士1.41 43.90±0.02 35.07土0.53 31.77土0.14 35.31土0.89 42?59士0.43 45.29土1.57 42.57士0.52 44.72土2.27 48.87土1.29 48.47±0.52 46.53土0.74

0.85士0.03 0.84士0.05 0.83士0.02 0.86土0.04 0.83士0.02 0.86士0.11 0.90土0.02 0.81士0.07 0.9丨土0.02 0.91土0.02 0.88士0.02 0.85士0.02 0.85土0.02
Adding CPC Length 40.76土0.56 40.31士1.12 41.07士1.03 28.67土0.91 31.18土1.79 31.56士1.58 40.55土0.97 45.52士4.48 40.45土0.31 39.90土0.41 40.13土2.94 46.27士4.01 43.03土1.22

47.99土1.40 47.81士3.80 49.91土1.74 33.33土2.44 37.61士3.19 37.52士7.47 45.08土1.95 56.23士3.72 44.29土1.24 43.99士1?32 45.86土4.07 54.24土4.41 50.46土2.60

Vel

Time

0.86土0.02 0.82士0.04 0.84士0.06 0.88土0.03 0.83士0.10 0.89土0.05 0.90士0.03 0.88土0.22 0.91土0.02 0.83土0.06 0.82土0.04 0.83土0.05 0.86士0.04
Adding CNC Length 38.25土1.00 35.85土1.38 37.58土3.37 32.07土1.01 29.75土1.97 27.59土1.36 38.02土0.84 50.92士5.01 39.00士1.00 40.35土2.20 42.62土0.71 44.43士4.29 42.61土1.86

Time 44.43土1.38 43.72士2.83 44.72士6.65 36.62土2.35 35.97±3.73 31.23士3.56 42.17士1.28 55.63士3.43 43.03士1.75 48.49土3.71 52.24土1.94 53.51士7.01 49.52土3.24

Vel

0.88土0.05
37.丨4土丨.51 37.46土1.63 36.5丨士1.04 27.97士1.06 28.86士0.84 27.30土0.23 36.56士0.28 44.17土2.90 38.59土2.00 38.28土2.79 41.37士2.66 44.85士4.64 41.46土2.85
42.17土2.99 46.32土2.26 42.15士2.94 33.02土4.07 33.70土2.96 30.62士0.42 40.34士0.74 51.51士3.40 45.40土2.88 45.86土5.13 49.43土5.59 53.16士6.91 48.46士4.73

0.8士0.04 0.86土0.05 0.86土0.09 0.86土0.05 0.89士0.01 0.91土0.02 0.86土0.04 0.85土0.02 0.84土0.07 0.84土0.05 0.85土0.04 0.86土0.03Vel
Risk-RRT Length

Time

0.86士0.04 0.85土0.02 0.85土0.03 0.88土0.06 0.91土0.01 0.89士0.03 0.9丨士0.03 0.82土0.06 0.89土0.03 0.84士0.07 0.87土0.05 0.81土0.05 0.8丨士0.05
35.38士0.81 35.23士1.30 34.52土0.64 28.03士1.95 27.61士0.65 29.75士3.31 36.10士0.41 44.88士2.82 37.93土1.60 38.11土2.24 41.96士3.76 40.93士2.61 40.18士0.73
40.97土1.26 41.25士2.15 40.75士1.88 31.85士2.41 30.21士0.82 33.52士4.18 39.64土1.25 54.86士2.59 42.65士1.56 45.15土0.84 47.15士3.70 50.99土4.92 50.00土0.05

Vel
Length
Time

Bi-Risk-RRT
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Table VI
METRICS OF COMPARATIVE EXPERIMENTS

Ours [15] [6] [8]
RMSE TD Vel RMSE TD Vel RMSE TD Vel RMSE TD Vel

0.92士0.01 0.35土0.02 3.65%土0.06 0.77土0.11 0.41土0.09 5.98%土0.10 0.90土0.04 0.37土0.13 14.72%土0.08 0.66士0.06
13.5%土0.08 0.87土0.05 0.27土0.06 16.00%士0.06 0.70士0.12

Env3(Sl) 0.20土0.01 0.12%土0.22 0.93土0.01 0.21土0.01 6.43%土0.02 0.81土0.05 0.23土0.02 23.09%土0.02 0.92土0.01 0.23土0.02 15.52%土0.09 0.78土0.04
Env4(S3) 0.30土0.02 1.96%土1.55 0.91土0.01 0.31土0.01 9.56%土0.02 0.87土0.04 0.39土0.06 7.31%土0.03 0.80土0.10 0.32土0.05 11.00%土0.06 0.69土0.11

Envl(Sl) 0.34土0.01
Env2(S2) 0.15土0.01 0.91%土0.81 0.92士0.01 0.18土0.08 6.53%土0.08 0.81土0.07 0.20土0.02

0

C. Human Awareness Evaluation

In terms of human awareness, we recorded the distances
(D) between the robot and pedestrians during the navigation
process. To quantify human comfort, D=l.5m is considered as
the comfort threshold [17]. Besides, the ratio of the duration
(TD), the minimum distance (MD) between pedestrians and
the robot during the running process, and the average times
of the distance falling below the comfort threshold (NT) are
recorded to further assess human awareness. The equation of
TD is: TD=tinv/tau. tinv represents the duration for which
the distance is less than the comfort threshold, and tau means
the navigation time. The metrics are recorded in Table IV.

Our method achieves the best performance in terms of MD
among other methods. As the human number increases, like
S2 and S3 scenarios in each environment, even though the
proposed method enables the MD value to be lower than the
comfort threshold, the NT and TD of our methods are the
lowest among comparison. Although the CNC algorithm can
keep the robot away from the crowd, because the robot does

not have the accurate position, its performance is worse than
CPC.

V*27

h22\
\

hi

I 、
、/121

逢Start

h20

-Our method (CNC & CPC) -Adding CPC

Risk-RRT --Human trajectory ht Human

Figure 4. The comparative experiments in Env4 (S2). Humans are shown at
their final (starting) positions in the pink (white) triangle whose vertex angle
also shows the direction of pedestrians. The grey area is the sparse landmark
area, and the white area is the crowded area. The solid black objects
landmarks including walls and static obstacles.

are

1.2

|ÿ.8

8 2- 0.4
—

D. Efficiency Evaluation

According to the efficiency of robot navigation tasks, con¬
sidering the robot running smoothly at high speed is an im¬
portant factor for navigation, we recorded the average velocity
{Vel) of the robot to evaluate the efficiency. Additionally,
trajectory length and running time are recorded for a
prehensive assessment, which is shown in Table V. Although
the focus of this study is accurate localization and human
comfort in large-scale and crowded environments, our planner
can obtain comparable efficiency to other algorithms.

8 l 0.2

Ji
100 2(jÿ 300200100 300
Num of SampleNum of Si

•Risk-RRT 一Our method (CNC &CPC)— Bi-Risk-RRT — Risk-RRT

Adding CNC — Adding CPC

(a) (b)

com- Figure 5. Experimental performance in Env 4. (a) Trace of the covariance
matrix of different methods during the navigation process, (b) The velocity
of different methods during the navigation process.

localization. Therefore, as shown in Fig. 5(a), compared with
other methods (blue, yellow, and pink lines), the covariance
matrix’s trace of our algorithm (red line) and the planner that
contains CPC (green line) converge quickly. It means that the
proposed method and the planner with CPC realize lower pose
estimation uncertainty than the comparison.

From the perspective of the crowd, as shown on the right
side of Fig. 4, compared with the other algorithms, our
approach can generate the trajectory bypassing the crowded
area. The other methods drive the robot into the crowd, which
has to make a detour or stop to avoid humans. Because of
rushing into a crowded area, other methods are unable to

keep a proper distance from humans, which is indicated by
the TD and MD in Table IV. Furthermore, by avoiding
entering crowds, the proposed method
and more stable velocities compared with methods that drive
the robot into crowds. In short, this experiment demonstrates

E. Analysis of Runtime Performance
To show the results in more detail, we display the exper¬

imental result in Env4 S2. The trajectory results are shown
in Fig. 4, which are obtained in a large-scale and crowded
environment with 27 humans. In this scenario, there are a
few landmarks in the grey area of the environment, and most
humans congregate in the white area. We graphically show the
trace of the covariance matrix in Fig. 5(a), and the velocity
of the robot in Fig. 5(b)) during the navigation process of
different algorithms.

As for the perspective of localization, our method (red

line) and the planner that contains CPC (green line)

drive the robot close to the landmarks when the robot is
accurate localization. However, the other three methods drive
the robot to travel to open areas without enough landmarks for

can
maintain highercan
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the effectiveness of our curiosity-based method in large-scale
and crowded environments.
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F. Comprehensive Comparison

To further verify the performance of the proposed method,

we compared it with [15], which considers localization and

collision risk, [6], which considers safety and human comfort,

and [8], which considers the social navigation behaviors. We
randomly selected
comparison experiment. We record RMSE, Ratio of the
Duration TD, and Velocity Vel to evaluate the performance.

As shown in Table VI, [15] without considering the crowd
gathered to drive the robot enters the crowd. The dynamic
humans have a negative impact on the robot5s landmark obser¬
vation and human comfort. [6] and [8] without considering the
localization uncertainty do not have an accurate localization in
a dense crowd. Accurate localization is the basis of avoiding
collisions, which makes the performance of [6] and [8] worse.
The proposed method considering crowds and localization
uncertainty has the best performance.

in each environment for theone scene

VI. DISCUSSION AND CONCLUSION

Our experiments demonstrate the efficacy of our ap¬
proach over several baseline methods. The proposed CPC of
information-rich areas yields an attraction from a landmark
area when the robot’s localization is inaccurate, which can
result in lower RMSE, TCM, and NM. Besides, CNC in
crowded areas can prevent the robot from being blocked by
the crowd, which causes a lower TD, and higher MD and
NT. Even though crossing the crowd is an optimal choice
in terms of trajectory length,
into the crowd and avoids frequent updates to the trajectory
of complex and dynamic crowds. Thereforeÿour algorithm’s
velocity curves are higher and smoother, causing a compared
time consumption. Besides, since the amount of free space
is limited and always changing, the other baseline methods
struggle to find collision-free paths in highly dynamic crowded
environments, let alone maintain human comfort. On the
contrary, our method ensures human comfort while reducing
the collision risk. However, this paper currently does not

consider the case that humans block out landmarks. In the
future, we will add the crowd walking near landmarks as
negative gain into CPC, and encourage the robot to choose the
landmark area with less occlusion. In addition, we will conduct
physical experiments and establish the benchmark dataset.

curiosity-based method achieves
human-friendly path with the consideration of localization
uncertainty and the distribution of the crowd. Experiments on
different scenarios reveal that our method performs well in
large-scale and crowded environments.

on

method prevents rushingour

a
on

In conclusion, our a
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