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Abstract— The latest robot navigation methods for dynamic
environments assume that the states of obstacles, including
their geometries and trajectories, are fully observable. While
it’s easy to obtain these states accurately in simulations, it’s
exceedingly challenging in the real world. Therefore, a viable
alternative is to directly map raw sensor observations into
robot actions. However, acquiring skills from high-dimensional
raw observations demands massive neural networks and ex-
tended training periods. Furthermore, there are discrepancies
between simulated and real environments that impede real-
world implementations. To overcome these limitations, we
propose a Learning framework for robot Navigation in Dynamic
environments that uses sequential Normalized LiDAR (LNDNL)
scans. We employ long-short-term memory (LSTM) to propa-
gate historical environmental information from the sequential
LiDAR observations. Additionally, we customize a LiDAR-
integrated simulator to speed up sampling and normalize the
geometry of real-world obstacles to match that of simulated
objects, thereby bridging the sim-to-real gap. Our extensive
comparisons with state-of-the-art baselines and real-world im-
plementations demonstrate the potentials of learning to navigate
in dynamic environments using raw sensor observations and
sim-to-real transfer.

I. INTRODUCTION

Service mobile robots have been making their presence
felt in human societies. These robots are being deployed
across various industries, including healthcare, hospitality,
retail, and logistics, to improve efficiency, reduce costs,
and enhance customer experiences [1]. However, safely and
efficiently navigating service mobile robots in human-rich
and highly dynamic environments remains an exceedingly
difficult task.

Map-based (MB) navigation strategies have been widely
utilized for mobile robots in stable environments [2], [3].
Various studies have employed high-resolution maps to
search for global paths via efficient planning algorithms,
such as A-Star (A*) [4] and rapidly-exploring random tree
(RRT) [5]. Local motion planners, such as dynamic window
approach (DWA) [6] and directional approach [7], are sub-
sequently executed to track the paths and avoid obstacles.
However, maintaining global maps can be time-consuming,
especially in environments that undergo consistent changes.
Furthermore, local motion planners are sensitive to moving
obstacles, particularly in environments with a high human
presence.

To reduce the time and effort required for map mainte-
nance, map-free and end-to-end deep reinforcement learning
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(DRL) based navigation methods have become increasingly
popular in the research literature [8]. However, early studies
[9]-[17] were limited to relatively stable environments where
obstacles were static, and testing configurations did not
significantly deviate from the training settings. More recent
studies have focused on using DRL to navigate agents in
highly dynamic environments, but they assume that other
moving agents’ states, including size, shape, number, and
speed, are fully known [18]-[25]. Obtaining these states
with accuracy in real-world scenarios can be particularly
challenging, which has limited the practical applications of
these cutting-edge approaches. Alternatively, directly map-
ping continuous raw sensor observations to robot actions is
an appealing navigation strategy that eliminates the need for
assuming fully known environments [26]-[32]. Nevertheless,
commonly used simulators which can generate raw sensor
observations can not significantly accelerate running, such as
Gazebo [33] and V-REP [34]. Moreover, sim-to-real transfer
is a significant challenge for these approaches, as simulation
settings cannot fully replicate real-world situations. Further-
more, implementing navigation policies that demand large
networks on small mobile robots with limited computational
resources presents a significant challenge.

Our study comprehensively addresses the aforementioned
shortcomings by employing the following techniques. Firstly,
we designed a simulator that is equipped with a LiDAR
sensor, which significantly accelerates running during DRL
training. Secondly, to simulate real-world scenarios, we
assume that dynamic humans have a circle shape, and
static obstacles are rectangles with variable sizes. Since the
contours of real-world obstacles are notably different from
the shapes of simulated objects, we normalized the collision
margins of real-world obstacles as circles or rectangles with
variable sizes. We accomplished this by employing clustering
algorithms to localize and frame moving humans or static ob-
stacles, and obtain their centroids and circumscribed cuboids
in 3D space. We can then normalize obstacles as circles or
rectangles on a 2D plane. Subsequently, we can re-generate
2D LiDAR scans according to the normalized obstacles.
Thirdly, instead of using tens of continuous LiDAR scans
[29] or high-dimensional depth images [32] which require
colossal networks for decoding, we leverage long-short term
memory (LSTM) to process ego-centric sequential LiDAR
scans, which reduces the consumption of hardware resources
and enables deployment on small mobile robots with limited
computational resources. We name our approach Learn to
Navigate in Dynamic environments with Normalized LiDAR
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scans (LNDNL). In summary, our main contributions are
outlined as follows.

« We have developed a specialized simulator that can
efficiently generate LiDAR observations. This simulator
allows for the incorporation of numerous objects in
motion, each with their own distinct shapes.

« To enable seamless transfer of simulations to the real
world, we ensure that collision margins of real-world
obstacles are normalized. Our approach involves using
clustering techniques to localize and frame obstacles
from 3D LiDAR pointclouds. Additionally, we re-
generate 2D LiDAR scans from the normalized obsta-
cles to be consistent with simulated settings. We name
these procedures as LiDAR scan normalization.

o We present a navigation framework that employs a
combination of LSTM and DRL to translate the se-
quential normalized LiDAR observations into robot
actions from an ego-centric perspective. This framework
features lightweight networks, making it feasible for
implementation on compact and onboard computers.

o To showcase the benefits of our approach, we com-
pared it with state-of-the-art baselines. Additionally, we
conducted extensive real experiments to highlight the
potential of sim-to-real transfer.

The code of the whole project is publicly avail-
able at https://github.com/zw199502/LSTM_EGO
and the video is shown at https://youtu.be/
Eiyp8V8EjWo.

II. RELATED WORK
A. Robot Simulators

In order to obtain a significant number of samples for
DRL training in an efficient and safe manner, it is essential
to use simulators that incorporate dynamic models, rich
scenarios, and sensors. Several simulators such as MuJoCo
[35], its extensions such as DMC [36] and Robomimic [37],
are available that can significantly accelerate the sampling
process. However, generating ego-centric sensor observa-
tions using these simulators is a challenging task. On the
other hand, simulators like Gazebo [33] and V-REP [34]
are powerful physics-based simulators that integrate various
sensors like LiDAR and RGB-D camera. However, these
simulators are not able to significantly speed up the running
process, which may result in several days of DRL training.
In comparison, Isaac Gym [38] and iGibson [39] can quickly
generate image and LiDAR observations and support parallel
computations. However, the drawback of these simulators is
that they require powerful hardware resources, making them
limited to small mobile robots equipped with compact and
onboard computers. In our study, we developed a specialized
simulator that can efficiently generate LiDAR observations.
Furthermore, this simulator has the capability to customize
the quantity, shapes, and movements of obstacles.

B. Robot Navigation in Stable Environments

Map-based navigation techniques have found widespread
application in various industrial scenarios, such as robotics

logistics in hotels [40] and restaurants [41]. These methods
plan robot motion using global maps, which can be time-
consuming to maintain, particularly in consistently changing
environments. In contrast, DRL-based navigation strategies
can be map-free, as they are end-to-end approaches that
directly map sensor observations to robot actions [9]-[12],
[14]-[17]. However, they face challenges in terms of gener-
alization and sim-to-real transfer. Moreover, both map-based
non-learning and map-free DRL-based motion planners are
sensitive to dynamic obstacles, which limits their usefulness
in environments that are rich in human activity. Our work
aims to address this limitation, particularly in scenarios
that are densely populated with pedestrians, by developing
approaches that can handle highly dynamic environments.

C. Robot Navigation in Dynamic Environments

One approach to navigate robots in dynamic environments
is by estimating the current states of surrounding moving
obstacles, including their position, shape, size, and speed,
and predicting their future trajectories. This intuitive method
enables the online optimization of a collision-free robot
trajectory using model-based motion planners [42]. However,
predicting trajectories is a complex task as it involves object
tracking and intricate interactions between moving objects
[43]. Additionally, modeling complex interactions is chal-
lenging, and the online optimization approaches that rely on
complex models, such as model predictive control (MPC)-
based motion planners [45], are time-consuming. Recently,
imitation learning [44] is able to reproduce expert driving
experience, yet a prohibitively large dataset is required, the
navigation policy may be sub-optimal, and its generalizabil-
ity is a challenge.

DRL-based motion planners in dynamic environments
are becoming increasingly popular due to their ability to
optimize navigation policies offline, eliminating the need
for trajectory prediction through the sequential decision-
making mechanism of reinforcement learning [46]. In fully
observable environments, where the number, shape, size,
and speed of obstacles are completely known, DRL-based
navigation strategies can directly map observations to robot
actions without relying on dynamic models or explicit tra-
jectory prediction. The collision avoidance DRL (CADRL)
algorithm [18] was a pioneering study that paired the robot
with each moving object and defined a value function es-
timating the value of each individual pair. However, this
pairing strategy neglected interactions among surrounding
moving objects, which prompted further research to focus
on including social interactions among dynamic agents. For
instance, recurrent neural networks such as LSTM networks
[20] were used to accumulate motion information from all
pairs, which were ordered by the distance between the robot
and each obstacle and then fed into LSTM networks. The
output of LSTM networks is further set as a latent state vector
for DRL-based value networks, named LSTM_RL. Recently,
attention mechanisms [21] and graph convolutional networks
(GCNs) [22] have been widely applied to capture social
relationships among pedestrians. These two algorithms are
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named socially aware (SA)RL and relational graph learning
(RGL) respectively. Despite the success of these approaches
in simulations, where fully observable states can be obtained
quickly and easily, deploying them in the real world is
challenging due to the difficulty in accurately estimating
these states.

Consequently, employing DRL to directly map continu-
ous raw sensor observations into robot actions is a highly
effective alternative. Surrounding motion features can be
derived from consecutive LiDAR scans [28], [29], [47],
sequential images [32], [48], or multi-sensor observations
[27]. In hybrid environments where dynamic humans and
static obstacles such as walls and boxes coexist, a feasi-
ble strategy is to combine fully known human states and
partially observable raw sensor data [49] as observations.
Unfortunately, there are few open-source solutions available.
Furthermore, complex neural networks are required to be em-
bedded into policy networks to process high-dimensional ob-
servations, which necessitates physical robots to be equipped
with a powerful computer, thereby limiting their deployment
on small mobile robots with limited hardware resources.
Moreover, simulated sensor observations cannot adequately
replicate real-world scenarios, posing a challenge in sim-to-
real transfer. Our study seeks to address these challenges
by developing a lightweight network structure that processes
sequential LiIDAR observations. Additionally, we normalize
real-world obstacles to match the simulated settings, allowing
for successful sim-to-real transfer.

III. APPROACH

We begin by introducing a customized simulator that can
generate LiDAR observations, incorporating a wide range
of moving obstacles that vary in shape and size. We then
outline a method for normalizing real-world obstacles to
ensure consistency with the simulator’s settings. Finally, we
present an LSTM-DRL navigation algorithm that can map
sequential LiDAR observations, taken from the robot’s ego-
centric perspective, to appropriate robot actions.

A. Simulator

We aim to develop an end-to-end navigation algorithm
that can directly translate raw LiDAR observations into robot
motions. However, to achieve this objective, an efficient
simulator is essential for generating training samples quickly.
Unfortunately, the currently available simulators have some
drawbacks; they either lack ego-centric sensors, are not
efficient enough to accelerate running, or rely on expensive
hardware. Therefore, we have designed a specialized sim-
ulator (shown in Fig. 1-a and b) that can swiftly generate
LiDAR scans with minimal calculations. In our simulator,
the robot emits 1800D beams to detect surrounding obstacles
with shapes that can be circles, rectangles, and straight
margins. We assume that the motions of dynamic obstacles
are generated by the widely used optimal reciprocal collision
avoidance (ORCA) rule [50], which simulates collision-
free motions for multi-agents. To maintain the ORCA as-
sumption, dynamic circle agents visualize static rectangle

Robot View

(c) Real Environments

Fig. 1. Simulation and real environments. We represent dynamic humans
as unfilled circles and static obstacles as rectangles. The green filled circle
represents the goal and the LiDAR beams are emitted from the robot center.
(a) illustrates an open scenarios without margins while (b) depicts a narrow
space with margins. The real environments are shown in (c).

obstacles as bounding circles. In contrast, the robot perceives
its surroundings according to their original outlines.

To generate each beam, we use a looping traversing
algorithm. Initially, we calculate all the intersections between
the beam and all the obstacles in the environment. Each
beam is considered as a straight line, and we determine
if it intersects with any circular obstacle. We disassemble
each rectangle obstacle into four straight lines, and then
calculate the possible intersections between the beam and
all the straight lines of the rectangle. Finally, we select the
intersection point that is nearest to the robot and represent
the beam up to that point. To speed up the calculations, we
use the C programming language. We test the computation
time using CPU i7-10750H. Quantitatively, when there are 4
circles, 3 rectangles, and 4 margins in the environment, the
calculation time is 5.8ms. Comparatively, when there is only
one circle and one rectangle, the calculation time is reduced
to 4.8ms. Furthermore, it only takes 3.7ms even the human
number is up to 25, which indicates that our simulator is
applicable for dense crowds. Because it is more complex
to calculate the intersection point between a beam and a
polygon than a circle, it will take longer calculation time
with more rectangles.

B. Obstacle Normalization

The studies which directly utilize raw real-world sensor
observations [28], [29] have the challenge of sim-to-real
transfer because simulated configurations can not represent
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Fig. 2.  Structure of LNDNL. We only require a multi-layer perceptron
(MLP) to pre-process a single-frame LiDAR scan. The inputs of our policy
networks include history information h¢, a processed LiDAR scan [, and
the goal position g; in the robot frame. The action-value function gq¢ is
represented by a MLP with the inputs of h¢, l¢, g¢, and ag.

all real-world scenarios. To reduce the sim-to-real gap, it
is necessary to normalize real-world obstacles in a manner
consistent with simulated ones, given that our simulator
assumes obstacles as circles or rectangles. In this study, we
leverage an adaptive clustering technique [51] to individually
extract obstacles from the 3D LiDAR pointclouds captured
in the real world as shown in 1-c. To achieve this, we first
remove unnecessary 3D points in the sensor frame, such
as the lower points, which are considered as ground, and
the upper points, which are assumed to be the ceiling. We
also eliminate points that are far from the sensor. Since
our simulator generates beams in the world frame, we
need to use simultaneous localization and mapping (SLAM)
algorithms [52] to locate the robot. The remaining points
are then used for clustering. We frame each cluster and
normalize it as a circle or rectangle in the world frame as
illustrated in Fig. 1-b. Subsequently, we re-generate LiDAR
scans to reduce sim-to-real discrepancies. Note that we need
additional identification techniques to differentiate circle and
rectangle obstacles in the real world.

C. Algorithm Framework

To capture dynamic motion features, DRL-based policy
networks generally utilize continuous raw sensor observa-
tions as input [28], [29]. However, this requires colossal
CNNs to decode high-dimensional observations, especially
when collected over a long time horizon [29]. Additionally,
if the time horizon is short [28], extracting long-term motion
features becomes challenging. To address these challenges,
we introduce LSTM as a lightweight method to accumulate
and propagate historical motion features (as illustrated in Fig.
2).

We formulate the robot navigation in dynamic environ-
ments using raw sensor observations as a partially observable
Markov decision process (POMDP) represented by a tuple
(S,A,T,R,0,,v). S is a set of states including history
motion features, ego-centric goal position, and pre-processed
observations. A denotes a set of actions composed by two
orthogonal velocities of omnidirectional mobile robots. T’
represents a set of conditional transition probabilities be-
tween states. R stands for a reward function. O is a set

of raw observations from sensors. {2 is a set of conditional
observation probabilities. v € [0,1) represents a discount
factor.

Network structure. At time ¢, we obtain the observation
ot € O from the LiDAR sensor. Subsequently, the raw high-
dimensional observation is pre-processed by a MLP to yield
a low-dimensional latent vector [;. The state s; € .S includes
three parts: history motion features h;, goal position in the
robot frame gy, and [;. We utilize an actor network to project
s¢ into next action a;y; € A. In addition, we map s; and
as € A into an action value function g; by a critic network.
The overall networks are represented as follows:

lt = f@(ot)a
St = {ltahtagt}v
a = fy(se,a), (H

at+1 = fp(s¢),
hy = f@(ht—17lt,gt)~

We leverage the twin delayed deep deterministic policy
gradient (TD3) algorithm [53] to optimize the weights & =
(0,7, ¢, ) in Eq. (1) simultaneously.

Action, observation, and reward function. The action
space comprises two orthogonal velocities of omnidirectional
mobile robots. We set their bounds as 1.0m/s in simulation.
In addition, the velocities are continuous instead of discrete
values in state-of-the-art baselines [18], [21], [22], [54]. The
observation at each time step is a 1800D ego-centric LIDAR
scan and each beam length ranges from b,i, t0 byax. The
navigation goal is to avoid obstacles and reach a target.
Therefore, we define a reward function as follows:

—re if ds < d,,
1. Ise if -
ry = 0 CSC? gt<gm (2)
We+ (ds —rp —dy) else if dg < dy,
wg - (ge—1— gt) else.

r. is a positive constant less than 1. ds denotes the length
of the shortest one of all 1800D LiDAR beams. d. defines a
collision area. g; represents the distance between the robot
and the goal at time ¢. g, is a constant that defines a goal-
reaching area. r,. stands for the robot radius. d,, defines an
uncomfortable area where the robot is close to obstacles.
w. and w, weighs the discomfort and goal approaching,
respectively.

IV. EXPERIMENTS

On the one hand, we conducted two sets of simulation
training for comprehensive comparison with state-of-the-art
navigation methods. The first group, named Siml, consisted
of 9 baselines executed in a relatively simple scenario that
involved only dynamic circle humans with a fixed number.
The second group, named Sim?2, consisted of 2 baselines
that were tested in a more challenging situation that mixed
dynamic circle humans with static rectangle obstacles whose
number was changeable. On the other hand, we individually
trained a model for our physical robot platform to validate
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Fig. 3. Extensive simulation ablations with respect of learning efficiency.
(a) The baselines, CADRL, LSTM_RL, SARL, and RGL assume fully
observable states, including human number, size, shape, position, and
velocity. (b) The states in the baselines, EGO, EGO*, and NPD are partially
observable. In addition, EGO and EGO* directly use continuous LiDAR
scans whereas NPD leverages sequential occupation maps.

the effectiveness of our navigation system, including SLAM
algorithm, clustering method, LiDAR normalization, and our
policy network.

A. Simulation Ablation

To conduct a comprehensive comparison with the state-of-
the-art baselines described in the related work section, which
includes 2 non-learning traditional navigation strategies —
MB method [4] which assumes static obstacles and revised
DWA [6] that relies on dynamic information, and 4 DRL-
based policies — CADRL [18], LSTM_RL [20], SARL [21],
and RGL [22], we designed a simple scenario that includes
five moving humans in a 10x 10m area, named Sim1. These
DRL-based approaches assume that humans are circular in
shape, their number remains constant during training, and
their states, such as velocities, are fully observable. We
assume that the maximum velocity of all agents is Im/s
to be consistent with the original settings of baselines.
Furthermore, the robot is assumed to be invisible to humans
to guarantee that our navigation policy plays the role of
collision avoidance instead of that humans attempt to avoid
the robot. Although open-source implementations of these

TABLE I
FINAL EVALUATION. 500 RANDOM TESTS ARE EXECUTED WITH THE
BEST NEURAL NETWORKS SAVED DURING THE TRAINING.

Method SR NT AT NV
MB 042 1585 5.0e-4 -
DWA! 095 11.94 2.6e-3 -
CADRL" 2 0.80 1240 0.035 0.27
LSTM_RLY 2 097 1095 0.067 0.87
SARL! 2 0.98 10.75 0.060 1.0
RGL" 2 0.97 1122 0.067 0.38
EGO? 0.54 12.67 1.5e-3 1.9
EGO*2 094 1120 1.5¢-3 1.9
NPD 0.99 11.15 33e-3 1063
LNDNL(ours) 099 9.28 7.5e-4 26.3

TRequiring fully known human information.
2Requiring imitation learning and positive samples.
SR: success rate; NT: navigation time (s)

AT: action time (s); NV: network variables (10°)

baselines are available, there are few open-source projects
that utilize raw sensor observations. To address this, we
developed another baseline, called EGO, which was inspired
by studies that map continuous LiDAR scans to robot move-
ments [28], [29]. Additionally, we compared an extension of
EGO, namely EGO* which decouples the robot movement
and individually extracts the motion features of surrounding
objects. Moreover, we compared another Navigation strategy
in Pedestrian environments with a Dreamer-based (NPD)
motion planner [55]. NPD firstly projects the robot and hu-
mans onto an occupation map, and then optimizes navigation
policy from sequential occupation maps through a model-
based DRL algorithm. We present the training process in
Fig. 3 and provide a quantitative analysis in TABLE 1.

The results presented in Fig. 3 show that our method
exhibits significantly better learning efficiency than EGO,
EGO*, and NPD, and is slightly superior to CADRL,
LSTM_RL, SARL, and RGL. Notably, our method and
NPD are not reliant on imitation learning or supervised
samples, while other DRL-based approaches rely heavily on
these prior experiences. In TABLE I, we demonstrate that
our method achieves the highest success rate and shortest
average navigation time among 500 random evaluations.
We also introduce a new factor, action time, to measure
real-time performance. Action time refers to how long it
takes for the policy network to generate an action when
provided with observations. CADRL, LSTM_RL, SARL,
and RGL require tens of milliseconds of action time because
they only have a value network and must inquire each
state by repeatedly calculating the value network. However,
the advantage of these four baselines is that their network
variables are notably fewer due to their simpler observations.
Despite our network being comparatively larger, it is still
more lightweight than NPD. Additionally, the action time
of our network outperforms EGO and EGO¥*, even though
they have smaller networks. The advantages of a short action
time and an acceptable network scale enable sim-to-real
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TABLE I
VALIDATION OF MODEL GENERALIZATION ABILITY. 500 RANDOM TESTS ARE EXECUTED FOR EACH CASE.

Human number 5 6 7 8 9 10 10 10 15 5 6 7
Obstacle number 0 0 0 0 0 0 0 0 0 3 2 1
Distribution radius(m) 4 4 4 4 4 4 4 8 8 4 4 4
Maximum NT (s) 20 20 20 20 20 20 30 30 30 20 20 20
Success rate 1.0 0988 0958 0940 0.932 0.852 0948 0982 0960 0.972 0.960 0.970
Collision rate 0.0 0.008 0.032 0.024 0.020 0.046 0.046 0.012 0.030 0.024 0.032 0.020
Overtime rate 0.0 0.004 0.010 0.036 0.048 0.102 0.006 0.006 0.010 0.004 0.008 0.010
Average NT (s) 1026 10.59 1098 1145 11.82 1199 1291 18.66 19.22 1138 1131 11.28

transfer on compact robots with limited hardware resources.
Interestingly, the non-learning map-based method is sensitive
to highly dynamic environments because it regards all objects
as static obstacles. In the meanwhile, DWA’s performance is
inferior than ours even it assumes fully known environments.
The advantages with respect of traditional methods indicate
the potential of applying our end-to-end navigation strategy
into highly dynamic environments.

B. Generalizability Validation

To test the generalization capability of our method, Sim2
presents more complex environments than Siml. The mo-
tion area remains the same, but we increase the maximum
obstacle number to seven (shown in Fig. 1-a), which includes
a combination of dynamic human circles (with a maximum
of four) and static obstacles (with a maximum of three),
each with a side length ranging from 0.3 to 0.4m. Existing
methods such as CADRL, LSTM_RL, SARL, and RGL
assume that obstacles are fixed circles with a predetermined
number, which hinders their performance. EGO, in particular,
demonstrates notably inferior results. Thus, we chose EGO*
and NPD as our baselines for Sim2. Our method achieved
a feasible navigation policy within 100K steps, while the
baselines required over 200K steps. Moreover, our method’s
success rate remained stable around 0.99, while the success
rates of the baselines fluctuated between 0.8 to 0.95, in-
dicating our method’s superior generalizability to complex
environments.

Additionally, our model trained in Sim2 can be generalized
into other scenarios which have not been explored. More
specifically, we first train our model in the Sim2 scenario,
where the human number changes from 1 to 4 and the
obstacle number varies from 1 to 3. We then test our model
in the scenario where only humans exist in a circular motion
area with a radius of 4m. The human number ranges from 5
to 10. Moreover, we also insert static obstacles to increase
complexity. By default, we set the maximum navigation time
as 20 seconds. Next, we distribute 10 and 15 humans in a
larger motion area with the radius of 8m and the maximum
navigation time is prolonged to 30 seconds. The result is
shown in TABLE II. Although we train our model in Sim2,
where the human number changes from 1 to 4 and the
obstacle number ranges from 1 to 3, we are able to generalize
our model into more complex scenarios. The human number
can reach 10 in a small motion area. When we enlarge

the motion area and maximum navigation time, the human
number can be increased up to 15. Please note that it is
still difficult to verify our model can be generalized into all
kinds of scenarios. Therefore, we only partially indicate the
generalization ability in TABLE II.

C. Real Implementation

We simplified the environment illustrated in Sim2 and in-
dividually trained a model for our physical robot platform to
validate the effectiveness of our navigation system, including
SLAM algorithm, clustering method, LiDAR normalization,
and our policy network. More specifically, the motion area
is narrowed to 6.0x2.8m, and a maximum of three obstacles
are present because of the constraints of our physical robot
platform. The sim-to-real transfer is shown in the attached
videos, which indicate the potential of sim-to-real transfer
with our end-to-end navigation algorithm.

V. DISCUSSION

Conclusion. This study presents an end-to-end navigation
strategy that maps sequential LIDAR observations into robot
actions through LSTM-DRL. To expedite training, we devel-
oped a simulator that can swiftly produce LiDAR scans and
configure different types of obstacles that vary in number,
shape, and size. We also standardized the obstacles in the
real world to ensure consistency with simulated settings,
facilitating sim-to-real transfer. This was accomplished using
an adaptive clustering technique and SLAM algorithm to
locate and frame obstacles from 3D LiDAR scans. Our
method demonstrated superior learning efficiency, navigation
time and success rate, and real-time performance through
extensive simulation ablations. Moreover, sim-to-real transfer
highlighted the potential of our approach to guide robots
through complex real-world scenarios involving dynamic and
static obstacles with variable shapes, sizes, and movements.

Limitations. Although our approach outperformed state-
of-the-art baselines in various environments, our simulation
scenarios require more improvements, such as consider-
ing grouped objects. In the real world, humans might be
grouped with objects such as other humans, suitcases, and
baby strollers. Moreover, the real-world implementations are
limited in laboratory environments. Our future study will
focus on more broad applications in our human societies.
In addition, we will take sensor noise into consideration in
simulation to be consistent with physical sensors.
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