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The development of autonomous robots and the wide range of communication resources hold
significant potential for enhancing multi-robot collaboration and its applications. Over the past
decades, there has been a growing interest in autonomous navigation and multi-robot collaboration.
Consequently, a comprehensive review of current trends in this field has become crucial for both
novice and experienced researchers. This paper focuses on automation systems and multi-robot
navigation to support their operations. The review is structured around three potential benefits:
perception, planning, and collaboration. This review has systematically explored a broad spectrum
of autonomous robots and multi-robot navigation strategies with over 170 references. Also, we point
out the challenges of the existing work, as well as the development direction. We believe that this
review can build a bridge between autonomous robots and their applications.

© 2024 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access

article under the CCBY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Autonomous robots play an essential role in various applica-
tions, in which perception and planning are the key points to
achieve autonomy. In addition to a single robot, swarm intelli-
gence has been verified to have the ability to collaborate effi-
ciently. This review aims to provide an overview of autonomous
robots in terms of perception, planning, and collaboration. The
topic has gained significant attention and has been extensively
explored by various communities, all with the goal of enabling
autonomous agents in real-world applications. However,
the diversity of approaches and theories has led to a fragmented
research landscape, hindering potential collaborations between
different research lines. Through this review, we aim to bridge
this gap by presenting a comprehensive overview of the field and
highlighting the challenges it faces.

The perception of autonomy aims to understand surrounding
environments and the robot itself on multiple levels, e.g., at the
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geometric and semantic levels. Scene understanding is a part of
perception that aims to enable computers to comprehend and in-
terpret the world in a manner akin to human cognition. Humans
typically perceive and understand their environment through rich
multi-modal inputs, including but not limited to vision, language,
audio, and touch. Given that vision is primarily utilized in daily
human decision-making, our focus is on algorithms pertaining to
this modality. In this context, we review a substantial body of
work from various communities and introduce a novel taxonomy.
We categorize the state-of-the-art methods, discussing their typi-
cal properties, advantages, and drawbacks, and we highlight open
challenges for future research. Also, localization and mapping
are crucial for achieving robot autonomy and have been widely
applied and studied. Accurate pose information is especially vital
for the efficiency of inter-robot collaboration in swarm robotics.
We provide a review of localization and mapping, discuss the
classification of localization methods based on scene information
obtained from different sensors, and analyze different forms of
mapping methods.

In the field of planning, effective planning is essential for
determining collision-free paths that meet specific constraints.
As robots become increasingly autonomous, continuous advance-
ments in planning methods, such as dynamic replanning and
optimization-based techniques, play a critical role. By surveying
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various approaches, we aim to provide a comprehensive overview
of the state-of-the-art methods and highlight emerging trends
and challenges in the field of autonomous robot planning. Ad-
ditionally, in the field of multi-robot collaboration and planning,
the dynamic integration and interpretation of data from multiple
sources are critical to orchestrating effective and synchronized
movement among robots. By leveraging multi-sensor perceptual
information, communication protocols, and collaborative algo-
rithms, robots can seamlessly navigate complex environments,
execute collaborative tasks, and maintain formation integrity.
Effective multirobot planning not only enhances operational effi-
ciency, but also expands the scope of tasks that can be performed
in parallel, significantly increasing the versatility and utility of
robotic swarms in various applications. Additionally, we examine
the prevailing challenges in this field and outline potential future
directions for advancement.

While numerous surveys comprehensively address single-
robot navigation and autonomous systems, there remains a sig-
nificant gap in the literature regarding multi-robot collaboration
and navigation. As the demand for autonomous robot applications
increases, the limitations of single-robot models in meeting task
objectives across diverse and challenging operational environ-
ments have become increasingly apparent. Consequently, the
multi-robot collaboration model is gaining significant attention in
the field. However, many survey papers fail to adequately address
the critical role of multi-robot collaboration within autonomous
robotic systems in their statistics and analyses. For example,
the survey presented in [1] focuses primarily on the impact of
deep learning on single-robot systems, resulting in a constrained
analytical perspective. Similarly, [2] restricts its analysis to the
performance of a LiDAR-only SLAM system, thereby neglecting
broader implications. While [3] offers a comprehensive discussion
on mobile robots and the principal sensors utilized in robotics
over nearly a century, it lacks an examination of multi-robot
collaborative scenarios, limiting the applicability of its findings. In
recent years, multi-robot collaboration has emerged as a promi-
nent research focus, with numerous significant contributions
documented in various survey papers. For instance, the relation-
ship between multi-robot collaboration and motion planning is
explored in [4], while [5] addresses its connection to localization.
Additionally, [6] and [7] concentrate on the applications of deep
learning within multi-robot collaboration frameworks. However,
these studies primarily emphasize comparative analyses of dif-
ferent multi-robot collaboration approaches or their associations
with specific functionalities. They often overlook a more compre-
hensive examination of the role of robot autonomy in enhancing
the effectiveness of multi-robot collaboration strategies.

Single-robot surveys typically focus on individual path plan-
ning, obstacle avoidance, and sensor integration, providing in-
depth analyses of algorithms and technologies tailored to solitary
operations. However, these studies often overlook the complex-
ities introduced by multiple interacting agents, such as inter-
robot communication, coordination strategies, scalability issues,
and collective decision-making processes. Additionally, single-
robot frameworks do not adequately address the dynamic and
emergent behaviors that arise in multi-robot systems, nor do
they explore the synergistic advantages of cooperative naviga-
tion and swarm intelligence. This gap underscores the need for
dedicated multi-robot surveys that systematically examine the
unique challenges and advancements in coordinating multiple
autonomous robots, thereby advancing the field towards more
robust, efficient, and scalable multi-robot applications.

In this paper, we comprehensively examine the relationship
between autonomous robots and multi-machine collaboration
methods, as well as the future development prospects of both,
particularly in the areas of navigation, perception, and planning
for autonomous robots. The logical framework of this paper is
shown in Fig. 1.
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Table 1
Scene understanding techniques for autonomous mobile robot navigation.
Level Method References
Appearance-level Local features [8-17]
Global features [18-25]
Geometry-level 3D points/depth estimation [26-30]
Semantic-level Object detection [31-41]
Multiple object tracking [42-46]
Semantic segmentation [47-52]

2. Perception

In the perception aspect of autonomous robots, we focus on
sensor-based scene understanding, along with robot localization
and mapping.

2.1. Scene understanding

We categorize scene understanding algorithms into data rep-
resentation and data association. Data representation focuses on
single-frame understanding and is subdivided into three levels:
appearance, geometry, and semantics. Data association, on the
other hand, focuses on multiple-frame matching to determine
which representations correspond to the same object. In this
paper, we mainly discuss scene understanding methods most re-
lated to downstream robotics tasks, e.g., SLAM and path planning.
Appearance-level representation includes local keypoint detec-
tion and feature description for tasks such as robot pose esti-
mation, as well as global features for visual place recognition.
Geometry-level representation includes geometric attributes in a
scene, mainly 3D points discussed in this paper. Semantic-level
representation, as shown in Fig. 2, covers object detection and
semantic segmentation.

2.1.1. Appearance-level representation

Appearance-level representation can be categorized into two
main types: local features and global features. Local features
involve selectively extracting interesting or notable parts of an
image, typically requiring a detector to identify these significant
elements. These feature-matching results are essential for robot
pose estimation. Global features, on the other hand, represent the
overall content or scene depicted in the images. In most cases,
they are used for place recognition, determining whether two im-
ages depict the same location. Appearance-level representation,
incorporating both local and global features, facilitates accurate
association at point and place levels. Correctly associated points
across frames establish constraints essential for estimating the
robot’s relative pose, while place-level associations aid in map-
based location recognition. These functions are critical for loop
closure detection in SLAM, reducing localization drift, and are also
valuable for robot re-localization (see Table 1).

Local Features: Traditional approaches to local features rely
on hand-crafted designs involving detection and description.
ORB-SLAM3 [53] uses FAST [8] for detection and BRIEF [9] for
description, while Mei et al. [10] combined FAST with SIFT [11].
Brute force matching is commonly used for associating features,
and while hand-crafted features are efficient and robust, they
struggle with changes in viewpoint, lighting, and scale [10,53].
Recently, deep neural networks have advanced local feature rep-
resentations to handle severe condition changes. SuperPoint [12]
uses self-supervised Homographic Adaptation for joint detection
and description, facilitating transfer from synthetic to real-world
images. DISK [13] applies reinforcement learning for denser de-
tections. SuperGlue [14] employs a graph convolutional network
for feature matching, achieving accurate pose or homography
estimation.
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Fig. 1. A categorization of Autonomous Robot Methods in the paper.

Table 2
Local feature extraction and matching techniques for autonomous mobile robot navigation.
Method Category Architecture Training datasets Comments
FAST [8] + BRIEF [9] Detector Handcrafted-based - Fast inference and widely employed in SLAM systems,
e.g., ORBSLAM3 [53] but sensitive to viewpoint changes
FAST [8] + SIFT [11] Detector Handcrafted-based - Fast inference and viewpoint-robust but sensitive to
large-scale appearance and viewpoint changes

SuperPoint [12] Detector DL-based; Synthetic Shapes + Self-supervised adaptation by jointly learning detection
CNN-based encoder and two MSCOCO [55] and description; Facilitating the transfer of knowledge
keypoint and descriptor heads from synthetic datasets to real-world images

DISK [13] Detector DL-based; MegaDepth [56] Reinforcement-learning-based optimization
CNN-based encoder and two
keypoint and descriptor heads

SuperGlue [14] Matcher DL-based; ScanNet [57] GCN-based feature matching
GCN + Attention Layers

MESA [17] Matcher DL-based; - First utilizing SAM [51] to construct an semantic-level
Markov random field and area-graph for filtering unreliable feature matching
Bayesian network

LoFTR [15] Detector-free DL-based; MegaDepth [56] + First utilizing Transformer’s long-range capturing ability
CNN-based encoder and ScanNet [57] to predict semi-dense matches and detections jointly
transformer-based matcher

DKM [16] Detector-free DL-based; MegaDepth [56] + Formulating feature matching as a Gaussian Process,

CNN-based encoder and
kernel-based matcher

ScanNet [57]

yielding accurate dense matching results

Detector-dependent methods generate multiple feature
matches, processed by estimating relative pose and using RANSAC
to reject outliers, a technique referred to as computer-vision-
based. In contrast, detector-free methods like LoFTR [15] use vi-
sual Transformers to predict semi-dense matches, while DKM [16]
models feature matching as a Gaussian Process for dense match-
ing. Despite the promise of detector-free methods, they still
struggle with viewpoint changes. To address this, semantic-cue-
based methods like MESA [17] leverage SAM [51] to extract
semantically meaningful image areas for coarse-to-fine matching,
improving accuracy in detector-free matching like DKM. We
summarize existing local feature extraction methods in Table 2.
For a deeper review of local feature matching via deep learning,
see [54].

Global Features: Global features are essential for place recog-
nition, such as loop closure detection. Traditional methods ag-
gregate local features using techniques like bag-of-words [18],
VLAD [19], and Fisher Vector [20]. While effective, these ap-
proaches struggle in large-scale environments with significant

appearance changes. Recent DL-based methods [21-25] have
shown improved performance in achieving condition-invariant
place recognition. Typically, these approaches involve feature
extraction followed by aggregation. NetVLAD [21] introduces a
learnable VLAD module to compact CNN features into global
representations. SFRS [24] enhances image-to-region similarity
through self-supervised learning, addressing challenges like noisy
GPS labels. CAE-VPR [23] uses a convolutional autoencoder to
compress high-dimensional CNN features into a low-dimensional
space. With the rise of visual foundation models, approaches like
CricaVPR [25] adapt these models using multi-scale convolutional
techniques for robust place recognition. For further reading on
global feature methods, see [58,59].

2.1.2. Geometry-level representation

Geometry-level representation captures the world in a ge-
ometric form, which is crucial for tasks like SLAM and path
planning. For example, it provides the geometric constraints nec-
essary for applications like path planning and collision avoidance,
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Fig. 2. Examples of scene understanding tasks include object detection using YOLO [36], multiple object tracking with ByteTrack [46], depth estimation by
DepthAnything [29], and open-set segmentation via SAM2 [52]. The top two images depict sequential recordings in indoor environments, while the bottom two are
outdoor images selected from the KITTI MOT dataset [60]. Copyright©, KITTI. Geometric-level representation (e.g., depth estimation) provides critical constraints
for path planning and obstacle modeling. Semantic-level representation (e.g., object detection, tracking, segmentation) enables contextual understanding for social
navigation and reduces the impact of dynamic objects on SLAM, enhancing system robustness. (a) Raw image. (b) Detection and multiple object tracking. (c) Depth

estimation. (d) Open-set segmentation.

where obstacle representation is crucial. The most basic geomet-
ric attribute is the 3D point, from which lines, planes, and surfaces
can be derived. In robotics, 3D point representation is funda-
mental. Range sensors like LiDARs and RGB-D cameras capture
3D points directly but come with limitations: RGB-D cameras
are light-sensitive, and LiDARs are costly. Monocular depth esti-
mation offers an alternative, estimating pixel-wise depth from a
single image, although this is an ill-posed problem. Early methods
used RGB-D and LiDAR sensors to train networks but struggled
with generalization due to limited and diverse training data. To
overcome this, self-supervision using stereo cameras has been
employed. Monodepth [26] introduced a training loss enforc-
ing disparity consistency between stereo images, achieving ac-
curate depth estimation. Monodepth2 [27] improved this with
innovations like minimum reprojection loss and auto-masking,
enhancing depth accuracy even with occlusions.

MiDaS [28] showed that deep neural networks can adapt to
diverse scenes, though limited by the lack of dense ground-
truth data. Depth Anything [29] leveraged a visual transformer
and pre-trained encoders (DINOv2 [61]) for strong generalization,
producing relative depth maps suitable for most applications. For
precise metric depth estimation (MDE), fine-tuning pre-trained
encoders on metric datasets is a common solution, though this
often limits generalization. UniDepth [30] tackles this by using
a pseudo-spherical representation to disentangle the camera and
depth optimization, improving depth consistency across different
scenes and camera setups.

2.1.3. Semantic-level representation

Semantic-level representation understands the world through
meaningful abstractions, i.e., object category. This approach aligns
with human understanding and facilitates more human-like
decision-making, which is beneficial for SLAM and path planning
in semantically rich scenarios. This human-like representation
enables socially aware path planning, which considers active and
socially contextual planning. Specifically, for social navigation

in warehouses or hospitals, the robot needs to understand sur-
rounding contextual cues with semantic understanding ability
and track people’s trajectories. Additionally, it mitigates the im-
pact of dynamic objects within SLAM, enhancing the robustness
of the system. For object-category-level recognition necessary for
downstream robotics tasks, we mainly review two areas: object
detection and semantic segmentation.

Object detection involves identifying and locating objects of
interest in an image using 2D bounding boxes. Semantic segmen-
tation, on the other hand, recognizes pixel-wise object categories
within an image. Depending on whether we have pre-defined
object classes, each of these categories can be further divided
into closed-set and open-set recognition. Furthermore, by associ-
ating these recognitions across sequential frames, we can achieve
object tracking or video object segmentation. In this paper, we
primarily review object tracking, as it is essential for collision
avoidance and social behavior recognition in path planning.

Object Detection: Object Detection is a fundamental task for
robotics applications like SLAM and path planning, enabling tasks
such as 3D object mapping and robot localization [62]. Powered
by deep learning and large-scale data, object detection methods
are commonly divided into region-based, pixel-based, and query-
based approaches. Region-based methods follow a two-stage pro-
cess: object proposals are generated, followed by classification
and bounding box regression. R-CNN uses selective search for
proposals [31], with Fast R-CNN [32] introducing Rol pooling to
speed up the process, and Faster R-CNN [33] incorporating a
Region Proposal Network (RPN) for efficiency.

Pixel-based methods like YOLO [34] predict object classes
and bounding boxes in a single step, dividing the image into
grids for real-time detection, with later versions [35,36] refining
the model for better accuracy and speed. Query-based meth-
ods [37,38] leverage Transformers to model relationships and
global context. DETR [37] frames detection as a set prediction
problem, while Deformable DETR [38] improves scale handling
and training speed with deformable attention. These closed-set



W. Chen, W. Chi, S. Ji et al.

methods are trained on predefined categories, but open-set de-
tection has emerged to identify objects beyond fixed vocabularies.
Inspired by vision-language pre-training [63], GLIP [39] expands
detection vocabularies using image-text pairs, and Grounding
DINO [40] enhances object-text association. YOLO-World [41]
further improves real-time performance with a novel pre-training
strategy.

Multiple Object Tracking: Multiple Object Tracking can be
divided into detection-based and detector-free methods, as well
as online and offline approaches. For autonomous robot naviga-
tion, we focus on detection-based online tracking, which matches
tracklets and detections using similarity metrics. This process
typically involves improving the accuracy of matching through
better similarity measures or strategies. Location, motion, and
appearance are key factors in matching tracklets with detections.
SORT [42] assumes linear motion and uses a Kalman filter to
predict object locations, matching them with detections using the
IoU metric. Some methods adopt non-linear models to handle
more complex motion patterns. However, motion-based meth-
ods struggle with long-term occlusion, prompting the use of
RelD features to capture appearance. DeepSORT [43] uses ap-
pearance similarity (cosine similarity) to improve tracking in
occlusion-heavy environments, while FairMOT [44] combines de-
tection and RelD in a unified network for enhanced similarity
calculation. Matching strategies associate tracklets with new de-
tections using algorithms like the Hungarian Algorithm or greedy
assignment. SORT [42] uses a single-step matching process, while
DeepSORT [43] introduces cascaded matching, first aligning with
recent tracklets and then lost ones. QDTrack [45] employs bi-
directional softmax for consistent instance matching, and Byte-
Track [46] innovates by using both high- and low-score detection
boxes, performing a second association for unmatched tracklets.

Semantic Segmentation: Semantic Segmentation methods
primarily use Fully Convolutional Networks (FCNs) with encoder-
decoder architectures. These models generate low-resolution fea-
tures via convolutions and then upsample to create
high-resolution segmentation maps. U-Net [47] mirrors the en-
coder path by upsampling and merging feature maps through skip
connections, while DeepLabv3+ [48] uses atrous convolutions to
capture multi-scale context while maintaining spatial resolution.
However, convolutional operations struggle to capture long-range
dependencies, which are crucial for accurate segmentation. To
overcome this, Vision Transformers (ViTs) have been introduced.
SETR [49] employs a ViT backbone for long-range dependency
capture, while Segmenter [50] uses a fully Transformer-based
encoder-decoder for improved global context modeling. More
recently, prompt engineering from large language models has led
to the Segment Anything Model (SAM) [51], which offers prompt-
able segmentation. SAM2 [52] enhances this with a data engine
and streaming memory for faster video and image segmentation,
providing sixfold speed improvements over the original SAM.

2.2. Localization

Localization is the process by which a robot determines its
pose based on sensor perceptual information, enabling the safety
and reliability of tasks such as planning and navigation. Com-
monly used sensors include LiDAR, cameras, IMUs, and GPS,
among others.

2.2.1. Dead reckoning-based methods

The term “Dead Reckoning Localization(DR-L)” is derived from
the nautical technique known as “deductive projection”. These
methods estimate the robot’s pose by using a known initial
position and integrating incremental motion measurements from
sensors such as encoders, gyroscopes, and accelerometers. Among
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these, the Inertial Measurement Unit(IMU) integrates accelerom-
eters, gyroscopes, magnetometers, and other sensors. Its
advantages—such as high frequency, compact size and weight,
and the ability to provide autonomous measurements without
relying on external reference—have led to a wide range of appli-
cations. For instance, [64] proposes an IMU-based indoor localiza-
tion system on a microcontroller. Furthermore, there has been a
growing research focus on deep learning-based IMU localization
systems, such as [65] and [66]. Beyond mobile robots, IMUs are
also used in domains like human-footed robots [67] and fire
rescue [68], providing critical information for strategic planning
and coordination.

Wheel odometry and track odometry are two common tech-
niques based on encoders used for localization and navigation.
Wheel odometry estimates the pose of the robot by integrating
the wheel’s angular and rotational speed, as demonstrated by
methods proposed in [69] and [70]. On the other hand, track
odometry is designed for tracked robots or agricultural machin-
ery. It utilizes encoders placed on the tracks to monitor the move-
ment and estimate the robot’s displacement and rotation [71].

The methods described above have their own advantages and
limitations. Encoder-based wheel odometry is simple, easy to
implement, and well-suited for planar mobile robots, but it is
prone to cumulative errors caused by ground friction. Track-type
odometry, on the other hand, is ideal for tracked robots and
those operating in complex terrains. However, its accuracy can be
compromised by track slip and other environmental factors. The
IMU-based method, while useful for providing orientation data,
is susceptible to issues such as sensor drift, the accumulation of
errors, and high sensitivity to external interference, which can
degrade its accuracy over time.

2.2.2. Wireless signal-based methods

Wireless signal-based localization(WS-L) leverages the broad-
cast characteristics of wireless signals and parameters such as
signal strength, arrival time, or phase to estimate location. These
methods are widely applied in various scenes. For instance, WiFi
signal-based [72] and [73] enable decimeter-level localization,
making them suitable for autonomous indoor mobile robots with
extensive coverage areas. In more localized indoor environments,
Bluetooth-based methods [74] are often preferred. However, lim-
ited accuracy and susceptibility to multipath effects and sig-
nal attenuation can affect the performance of these methods.
Ultra-wideband (UWB)-based methods use wireless technology
to transmit narrow, high-speed pulse signals for localization and
tracking [75]. With much wider bandwidth compared to tradi-
tional methods, UWB signals achieve centimeter-level precision,
making them highly effective in challenging environments [76].
However, this method incurs high costs and requires dense de-
ployment of base stations to meet large-scale positioning needs,
which can also limit the range of operations.

To enable reliable positioning in large outdoor areas, [77] and
[78] proposed a GPS-based localization method, which uses a
network of satellites and ground receivers to provide global posi-
tioning services. However, GPS signals can be weak or lost when
obstructed, necessitating the fusion of additional sensor data to
maintain accurate positioning. This sensor fusion approach will
be discussed in detail in the fourth section.

2.2.3. Environmental feature-based methods

Environmental feature-based localization(EF-L) uses sensors
to extract and analyze special markers or geometric structural
features for precise localization. Commonly used sensors include
LiDAR and cameras, which provide richer information for local-
ization in terms of scene understanding.

LiDAR is renowned for its excellent ranging performance, ca-
pable of generating rich 3D point cloud of geometry-level data.
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For instance, [79] and [80] present real-time localization meth-
ods based on the detection and description of local features us-
ing 2D LiDAR and 3D LiDAR, respectively, but these methods
are prone to cumulative errors. Additionally, global feature-based
method [81] employs real-time point cloud to match with a prior
3D point cloud map for accurate localization. However, significant
changes between the map and the real world can compromise
the accuracy and stability of localization. Moreover, [82] demon-
strates that LiDAR can identify varying point cloud intensity in-
formation reflected from different object materials, providing
innovative approaches for solving localization problems. How-
ever, LiDAR-based methods are highly dependent on environ-
mental features, and when dealing with large amounts of point
cloud data, they may encounter significant challenges related to
storage, transmission, and real-time processing.

Visual sensor-based methods utilize image processing algo-
rithms to analyze and extract features for efficient pose esti-
mation of robots. For example, the method proposed in [83]
is well-suited for scenes with high real-time requirements. To
address challenges posed by extensive datasets, complex scenes,
and abstract features, [84] proposed an end-to-end deep learn-
ing method to enhance model training and extract comprehen-
sive scene understanding from images. Additionally, [85] demon-
strated a method for localization using visual sensors to identify
landmarks. However, these methods are easily limited by issues
related to illumination and missing texture.

2.2.4. Multi-sensor fusion-based methods

Although each sensor offers unique advantages, standalone
usage often suffers from significant cumulative errors and an
inability to meet diverse localization needs. Therefore, many ap-
proaches enhance algorithm robustness by fusing information
from multiple sensors. For instance, the combination of IMU and
wheel encoder in [86] and [87] mitigates IMU’s accumulation
error and the encoder’s slip error. To address the challenges in
GPS-denied scenes, the strategies that fuse GPS with IMU, LiDAR,
and camera data are presented in [88,89] and [90], respectively.
In addition, the camera-IMU method proposed in [91] and the
LiDAR-IMU proposed in [92] effectively enhance the localization
performance in complex environments. To enhance the richness
of map information, [93] proposes an Automatic Vision-LiDAR
Calibration (AVLC) method designed to minimize errors arising
from unforeseen sensor variations. As the number of sensors
increases, the computational cost also grows. To mitigate this lim-
itation, [94] proposes a lightweight SLAM method for optical flow
tracking, utilizing pyramid IMU prediction to enhance efficiency.
On this basis, a centralized multi-robot collaboration system is
introduced based on a robot-edge-cloud layered architecture. This
system effectively overcomes the challenges of limited onboard
computing resources and the low execution efficiency typically
associated with a single robot.

Multi-sensor fusion enhances localization by providing com-
plementary and diverse environmental-aware data to correct
errors, improving both robustness and accuracy. However, this
method also increases the demand for computing resources, ne-
cessitating a balance between accuracy and time efficiency in its
application. To intuitively compare the performance of all topics,
we summarize and analyze them in Table 3.

2.3. Mapping

Mapping is the process of transforming real-world objects,
locations, or scenes into digital representations or visual forms. It
involves using of sensors, measurement tools, or other technolo-
gies to acquire data and convert it into maps, models, images, or
other formats for analysis, navigation, visualization, or other ap-
plications. In autonomous mobile robots, accurate maps provide
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prior static information about the environment for localization.
As shown in Fig. 3(a), semantic maps are constructed by as-
sociating and analyzing environmental information from LiDAR
and cameras [95], enabling the robot to achieve more precise
localization and navigation [96], as demonstrated in Fig. 3(b). In
this section, we discuss mapping in terms of classification based
on map representation.

2.3.1. Static environment

Common mapping methods typically assume a static environ-
ment, collecting and extracting sensor data to accurately repre-
sent the environmental structure. Depending on the application
scenario, maps are described in different ways. For instance, the
raster map method proposed in [97] effectively mitigates the
impact of noise on feature data extraction during localization,
making it well-suited for large-scale outdoor localization, as vali-
dated in [98]. However, its accuracy is limited by low resolution,
making it struggle to provide more detailed localization infor-
mation. Additionally, vector maps that enable accurate geometric
feature matching were proposed in [99]. However, lacking eleva-
tion data, this method is only applicable for localization in indoor
planar scenes.

3D point cloud map is another form of scene representation
that provides valuable prior information for localization. For in-
stance, in [81] and [100], the use of LiDAR and camera matching
with prior 3D maps has been proposed to achieve precise local-
ization. However, as the localization area expands, the volume
of data stored in 3D point cloud maps increases significantly,
leading to higher demands on computing resources for storage,
transmission, and algorithm execution.

Furthermore, the localization capabilities of these methods
are confined to areas represented in the prior map. Once the
robot navigates beyond the known region, localization becomes
ineffective. To improve the scalability of maps, researchers have
proposed fusion methods for raster maps, vector maps, and point
cloud maps, as discussed in [101,102], and [103], respectively.

2.3.2. Dynamic environment

In practice, if the map is not updated promptly when the
environment changes, it can result in erroneous information that
reduces localization accuracy. Therefore, static assumptions have
inherent limitations, particularly in dynamic environments. To
address this, [104] proposed an offline map update method using
crowdsourced data. However, this approach suffers from high
maintenance costs, slow update speeds, and challenges in main-
taining data source consistency. Additionally, [105] introduced
an incremental map update method that updates local maps
by detecting environmental changes in real-time. However, this
method still faces issues such as high latency, low accuracy in
highly dynamic scenarios, and significant computational resource
consumption when dealing with large-scale environments.

To achieve more efficient map updates, [106] proposed a
Simultaneous Localization and Mapping (SLAM) method that
integrates dynamic object detection, mitigates unstable envi-
ronmental factors, and uses real-time updated local maps for
inter-frame feature matching, without relying on prior maps,
iteratively optimizing localization and mapping accuracy.

However, in scenes with sparse geometric features or low
texture, SLAM methods that rely on environmental geometric
features struggle to capture adequate information, leading to in-
complete maps and significant localization errors. To address this
issue, [107] and [108] proposed degeneracy detection methods
for analyzing and filtering LiDAR and camera data to identify
potential issues or anomalies in the data.
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Table 3
Summary of localization methods.
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Topic Sensors (References) Robustness  Accuracy Real time Feature
DR-L IMU [64]-[68] General Medium  Great High frequency, but overly sensitive
Encoder [69]-[71] Low Medium  Good Easy to implement, but low robustness
WS-L WiFi [72,73] General General Medium Only applicable indoors
Bluetooth [74] Low Low Good Low accuracy and susceptible to signal interference
UWRB [75,76] Medium High Excellent  High precision, but limited range of activity
GPS [77,78] Medium General Great Widely applicable, but easily affected by occlusion
EF-L LiDAR [79]-[82] Medium High Slow High precision, but highly rely on geometric features
Camera [83]-[85] General Low Medium Rich scene information, but easily affected by lighting
Multi-sensor  IMU, Encoder, GPS, LiDAR, Camera [86]-[94] High High Slow High precision and robustness, but high computational cost
Semantic Map
Original
image
Semantic
egmantation
Data
ssociation

Fig. 3. (a) Data representation and data association. From top to bottom, raw images, images’ semantic segmentation, and the semantic point cloud information—
obtained by associating LiDAR data with the image’s semantic information—are displayed. Copyright©), IEEE ROBIO. (b) Illustrates the semantic map and the localization

effect. Copyright©, Automation in Construction.

2.3.3. High-level information mapping

High-level information-based methods use abstract represen-
tations to describe the environment. By using these semantic-
level representations, we can decompose the environment into
various semantic units—such as rooms, doors, and furniture—to
enhance the comprehensibility and usability of the maps. For
example, [109] proposes a method for constructing semantic local
maps using image sequences and wheel inertial self-motion to
describe environments, providing higher-level matching informa-
tion for localization. In addition, [110] introduces a topological
map based on the spatial relationships between objects and topo-
logical structures, allowing for efficient search, localization, and
path planning without relying on geometric information.

However, topological maps are limited regarding localization
accuracy and flexibility because they lack absolute pose informa-
tion and are constrained by predefined topologies. For semantic
maps, subjectivity and ambiguity can lead to localization errors
and higher computational costs, limiting their reliability and ef-
fectiveness in practical applications. By combining the advantages
of these two methods, [111] proposes a map representation that
integrates semantic information with a topological structure to
achieve more robust location identification. However, it comes
with high computational complexity.

In autonomous robots, mapping plays a crucial role, enabling
the robot to understand its surrounding environment and provid-
ing valuable information for path planning, obstacle avoidance,
localization, and decision-making. However, in practical applica-
tions, the choice of mapping method should be adapted to the
specific requirements and scenarios of the application. We have
summarized all mapping methods in Table 4 for ease of analysis.

3. Planning

In mobile robots, localization and mapping establish the foun-
dation for autonomy. However, achieving autonomous operation

in complex environments also requires the critical component
of path planning. Path planning allows robots to determine op-
timal routes based on environmental maps, ensuring efficient
navigation and formulating mobility strategies. Based on the evo-
lution of planning algorithms and the complexity of the scenarios,
planning methods can be roughly categorized into four types:
static environments, dynamic environments, human-robot coex-
isting environments, and multi-robot environments. In static en-
vironments, path planning generally assumes that obstacles and
layouts are fixed, focusing on planning efficiency. For dynamic
environments, the emphasis is on the ability of the algorithm to
adjust paths in real-time to adapt to moving obstacles or chang-
ing layouts. Planning needs to consider human safety, behav-
ior, and interaction in human-robot coexisting environments. In
multi-robot environments, coordination among multiple robots is
necessary to avoid collisions and optimize collaboration.

3.1. Static environment

Path planning algorithms in static environments have reached
a high level of maturity, with classical approaches primarily di-
vided into graph-based and sampling-based methods. Graph-
based algorithms, such as Dijkstra’s [112,113] and A* [114-116],
discretize the environment to guarantee optimal solutions. In
contrast, sampling-based algorithms, like Rapidly-exploring Ran-
dom Tree (RRT) [117], excel in high-dimensional, complex en-
vironments by sampling in continuous space to efficiently con-
nect the start and goal points. While RRT generates suboptimal
paths, its variant, RRT* achieves asymptotic optimality. Near-
asymptotically optimal algorithms balance efficiency and fast
path convergence, sacrificing some optimality for improved per-
formance. Next, we introduce RRT-related algorithms based on
these three categories.
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Table 4
Summary of mapping methods.
Categories Method Map topic (References) Resolution  Accuracy Comment
Static Discretization Raster map [97] Solid Low Accuracy is limited by low resolution
environment
Vector markup Vector map [99] High High Lack of elevation information, only applied to planar scenes
Point cloud projected Point cloud map [81,100] Very high  Very high  High accuracy, but high data volume for large scenes
Map fusion [101]-[103] - - More computing resources are needed
Dynamic Crowdsourcing data updates [104] Low Low Convenient, but slow update speed and inconsistent data
environment
Incremental update [105] Medium Medium The data is consistent, but struggles with dynamics scenes
SLAM [106] High High High accuracy, but should be noted the degraded scenes
High-level Semantic modeling Semantic map [109] Very high  High More information, but higher maintenance costs
information
Spatial analysis Topological map [110]  Low Low Lack of absolute positional information

Map fusion [111] -

- High computational complexity

3.1.1. Sub-optimal algorithms

Scholars have optimized the road map to enable RRT to quickly
find a safe and feasible path, from aspects such as multi-tree
structure, goal-biased, obstacle-biased, region-restriction, and
road map. Therefore, the sub-optimal algorithms can be divided
into the following categories in this section.

Multi-tree Structure: The bidirectional planner (RRT-Connect)
[118]. That is, based on RRT, two trees are generated. In each
iteration, one tree expands, and another tree tries to connect the
nearest vertex of another tree to the new vertex until the two
trees are connected, which makes it more efficient. Experiments
have shown that the double-tree approach is much more efficient
than single-tree. This method also has some drawbacks, such as
only considering the possibility of the existence of the homotopy
path, which limits the further development of the path quality.
In order to solve the problem that the RRT algorithm selects
sampling points in the narrow region of high dimension, Wang
et al. [119] proposed a triple tree (Triple RRTs) structure.

Goal-biased Sampling: The goal-oriented sampling method
in [120] is proposed to reduce the computation time and quickly
generate an initial path, which is different from the RRT in the
sampling phase. This sampling method limits the sample point’s
area and changes the sample point’s probability. The sampling
phase uses pre-sampling to use the target point as the target
point, and the probability of being sampled is proportional to the
distance from the point to the target point. The sampling points
are basically gathered near the target point.

Obstacle-biased Sampling: Many research methods use the
information on obstacles in the state space as a basis for biasing,
using the information on the local obstacles to guide the sampling
by selectively biasing the sampling to the surface of the obstacle
and possibly promising areas containing narrow channels. This
can improve the problem of the fast search random tree not
being sufficiently sampled in a sparse area, such as a narrow
channel. In [121], the Dangerzone RRT (DRRT) algorithm was
proposed. The algorithm collects sampling points in the vicinity of
the danger zone in the spatial search. In a search space consisting
of obstacles and hazardous areas, the sampling process uses the
triangular surface obtained from the hazardous area and uses it
for the sampling process after the initial path is given, causing
the tree to grow along the edges of the hazardous area. However,
because it focuses on the characteristics of local information
(obstacle), it may incompletely explore the space, which may lead
to homotopy problems and local minimum problems.

Region-restriction based Sampling: This approach uses the
information classification of the search space to define the region
that is most promising as part of the optimal path and then uses
this region as the next phase of sampling. Motwani et al. [122]
proposed Local Principal Component Analysis RRT (LPCA-RRT),
based on dynamic system state space modeling cost function.
Local planning is improved by discretizing the deviation of the

search space samples. In two steps, first, when the system dy-
namically simulates the space, the direction of propagation of the
state space points sampled on the grid is known. Second, the RRT
is applied so that the sampling of the RRT is biased toward the
point generated by the first step.

Roadmap based Sampling: To address the problem of the
RRT algorithm being difficult to quickly plan an effective path in
complex scenes such as narrow spaces and mazes, Chi et al. [123]
proposed using generalized Voronoi diagram (GVD) to construct a
roadmap for static environments, and using the roadmap to gen-
erate a heuristic path to guide RRT sampling. Generally, the GVD
algorithm can calculate all points on the map that are equidistant
from obstacles in a geometric way, which can well represent the
collision-free area of the map. The author reduces the redundancy
of map feature node representation and subsequent repeated
map search and time-consuming obstacle detection in an expo-
nential manner through three steps: feature extraction, feature
matrix, and feature node fusion. This roadmap-based sampling
method can quickly plan a feasible heuristic path in complex
scenes with ms-level time and each node of the heuristic path
as the sub-goal of the RRT algorithm to guide planning.

3.1.2. Near asymptotically optimal algorithms

RRT focuses on finding an executable initial path in a simple
and fast way. RRT* puts emphasis on improving the quality of
the generated path based on RRT. The near-asymptotically op-
timal planning algorithms have the following characteristics: 1.
They need not the BVP solver [124], which is replaced by the
forward propagation model without steering function. Similar to
RRT, the category only needs to propagate a single time for each
iteration. 2. Providing a sparse data structure for answering path
queries, which further improves computational performance. The
disadvantage of this type of method is that it only guarantees
the completeness of the probability, subscribing to the asymptotic
optimality of path quality while sacrificing partial high efficiency
and fast convergence.

SPARSE-RRT [125] introduces RRT with Best Nearest Strategy
and RRT with Drain. BestNearest selects low-cost point expansion.
Drain uses the adjustment method to generate a new node. It
is better to judge whether other existing nodes are better. Only
keep this one node, and everything else is removed so that only
the points with good paths will be retained. Unlike RRT*, SPARSE-
RRT only needs to maintain a sparse data structure, avoiding BVP
problems and being more efficient.

3.1.3. Asymptotically optimal algorithms

As the number of sampling points increases, RRT gradually
converges to the optimal path, though the convergence slows
down. To improve this, RRG and RRT* were introduced. RRT*
operates similarly to RRT but differs in its parent node selection
when adding new nodes and reconnecting surrounding nodes.
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There are many variant algorithms for RRT*, which generally
divide these algorithms into three categories: the single tree, the
hybrid trees, and the bidirectional trees.

Single Tree: A typical single-tree RRT* algorithm is called
Informed RRT* [126], which increases the speed of asymptotic op-
timization by limiting the sampling range. As with RRT*, an initial
path is generated, after which it is only sampled from a subset of
states defined by acceptable heuristics, possibly to improve the
solution, with the initial state and the goal state as the elliptical
subset, respectively. The two focal points of the region, with the
iteration of the algorithm, the quality of the path is gradually
improved so that the short axis of the ellipse is also shortened
until the best (progressive optimal) path is found. The algorithm
balances the problem between exploration and exploitation with
falling into homotopy problems. The disadvantage is that in high-
dimensional space, the area of the elliptical area will be large,
which will not improve the path quality.

Hybrid Trees: Recently, some scholars have combined RRT*
with PRM, discrete search, artificial potential field method, ma-
chine learning, neural networks, and so on. One typical method is
based on neural networks. Qureshi and Yip [127] cite the concept
of adaptive sampling called biased-based sampling, where the
sampling area (distribution of sampling points) is restricted to
a certain range. Although traditional RRT can also be combined
with the method of adaptive sampling, it relies too much on the
heuristics of artificial construction. Deep sampling-based (Deep
SMP) combines deep neural networks with a sampling-based
method to train two neural modules offline: (1). Contractive Au-
toEncoder (Contractive auto-encoders: Explicit invariance during
feature extraction) [128] (2). Deep neural network. The previous
one is introduced to encode the obs-space point cloud data into
a fixed and robust feature space. Dropout-based [129] stochastic
Deep Neural Network (DNN), a key part of the samples generator,
uses the obs-space encoder to scale the input and output and then
generate random samples for RRT* online. Subsequently, the RRT*
is implemented to generate a training path to train DeepSMP,
minimizing the mean-squared error (MSE) between the predicted
state and the real state.

Bidirectional Trees: Chen et al. [130] combined RRT with
improved RRT*, the bidirectional tree structure is novel in that
it replaces and simultaneously maintains the structure of the two
trees with a Hierarchical structure. Firstly, RRT is used to find dif-
ferent homotopy paths, and then improved RRT* is implemented
to optimize the path. Shortcutting is used to reduce redundant
branches generated by RRT. Gaussian sampling cloud technology
is introduced into the RRT for sampling. Since the Euclidean dis-
tance does not reflect the differential constraint, the Clothiod path
is replaced by a distance metric. Combine the reconnection of the
shortcut with the RRT and set the ‘Re-SearchParent’ procedure
instead to save computational effort. In the re-planning phase,
only the optimal subtrees in the original tree are extracted.

To sum up, algorithms for static environments focus on finding
the most efficient and optimal paths without the need for fre-
quent re-planning. Graph-based algorithms leverage pre-defined
nodes and edges, allowing them to compute globally optimal
paths since there is no need for continuous updates. RRT (Rapidly-
exploring Random Trees) variants, like multi-tree RRT, SPARSE-
RRT, and bidirectional trees RRT*, are adapted to static envi-
ronments by generating paths that might not be optimal but
are computationally efficient. The application of these methods
in various environments are shown in Fig. 4. Their adaptations
include reducing the random samples and balancing path quality
with computation time.
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3.2. Dynamic environment

Compared with the static environment, the path planning
problem of the dynamic environment is undoubtedly much more
difficult. On the way to executing, the robot will inevitably en-
counter many moving obstacles with unknown directions. It is
difficult to accurately determine whether these obstacles will
block the advancement of the robot. Thus, we should Emphasize
the importance of dynamically designing the path to avoid col-
lisions. In a dynamic environment, the following factors can be
changed individually or simultaneously: 1. As the robot moves,
new obstacles appear in the field of view; 2. Previously observed
obstacles may change position; 3. Target points may change.

3.2.1. Emergence of new obstacles

In general, Execution extended RRT (ERRT) [132] is considered
to be the first algorithm to be used in a real-time dynamic
environment. If the growth process is blocked, the algorithm
will abandon the current tree and reselect another new tree
growth. The method simultaneously plans paths and executes
them, extending the waypoint cache and adaptive cost penalty
search on the basis of RRT in order to improve the efficiency and
path quality of re-planning. However, the ERRT is only look-ahead
path planning, resulting in too long a distance to the goal state.

Dynamic Rapidly-exploring Random Trees (DRRT) [133], un-
like ERRT, when an obstacle or tree growth is blocked, the DRRT
only trims the unqualified part of the path and then continues to
repair the new node on the original tree. In addition, the DRRT
sets the root node at the target point, and the failed node will
be less. Multipartite RRTs (MPRRT) [134] combines ERRT with
DRRT. The algorithm consists of three key techniques: 1. The
distribution of biased sample nodes; 2. Re-use previous planning
iterations, similar to ERRT, resulting in the regeneration of the
tree. 3. Maintain separate detached forests for a limited time
based on RRF improvements, reducing the operating time of
unpromising areas.

3.2.2. Previously observed obstacles have changed

The D* algorithm, as introduced in [135], represents an evolu-
tion of the A* algorithm specifically designed to manage dynamic
environmental changes effectively. This adaptation allows for
the prompt adjustment of edge weights to accurately reflect
real-time obstacles, thereby facilitating efficient path recalcula-
tions. By constructing a temporary navigational map, D* effi-
ciently guides robots through the most accessible routes, making
it highly suitable for environments where conditions change un-
predictably. A novel application of D* is explored in [136], where
a multi-objective incremental search algorithm based on D* is
presented. By expanding the search strategy to include multiple
objectives, this approach provides a more holistic solution to
complex path-finding challenges, ensuring that the paths gener-
ated not only avoid obstacles but also optimize other important
factors such as distance, time, or energy consumption.

Adiyatov and Varol [137] extended RRT*FN to a dynamic en-
vironment and proposed RRT*FNDynamic (RRT*FND) for dynamic
obstacles. The methodology is similar to DRRT, and the follow-
ing aspects are improved: (1) Based on RRT*FN, the maximum
number of nodes is fixed, so when the path is unreachable due
to encountering dynamic obstacles, the invalid nodes can be
quickly deleted; (2) is superior to DRRT in the quality of the
path; (3) reconnect the re-plan tree to the best path previously
generated. Du and Liu [138] applied the Attractive Potential Field
as a construction probability map. This probability map contains
the prior knowledge of the current shortest path. Then, this
probability map is regarded as a heuristic to guide the sampling
point to the target point instead of the obstacle. In the post-
processing stage, the cubic b-spline is used to post-process the
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Fig. 4. RRT and RRT* algorithms were run in various environments for a dynamical system with Dubins’ vehicle dynamics as well as one with a 2D double integrator
dynamics. In Figs. 3(a) and 3(c), the tree maintained by the RRT* algorithm is shown when including around 500 and 6500 vertices, respectively. In Fig. 3(d), the
tree maintained by the RRT algorithm is shown when including around 2000 vertices. In Figs. 3(e) and 3(g), the tree maintained by the RRT* algorithm is shown
right after 300, and 1500 iterations, respectively. The tree maintained by the RRT algorithm right after 1500 iterations is shown in Fig. 3(h) for comparison [131],

©, 2010 IEEE.

path to increase its smoothness. RRTX [139] is widely consid-
ered to be the first asymptotically optimal re-planning algorithm
for sample-based single queries with a guarantee of probability
completeness, which aggregates both sample-based and discrete-
based searches. This algorithm is mainly designed for unknown
dynamic environments without predicting the environment and
requiring prior offline calculations. The algorithm sets the root
node to the goal point so that the tree does not fail as the
environment changes. If the sensor detects an obstacle during
the robot’s travel when an initial path is planned, it can quickly
repair the graph, remodel the shortest path, and quickly avoid
it. When obstacle conditions change, a cascading rewire is per-
formed to update the tree’s relationship with RRT*. The algorithm
guarantees that: (1) each node can maintain expected O(log n)
neighbors; (2) the quality of the path is RRT* as the lower limit;
(3) the asymptotically optimal.

Assuming that the robot does not have any prior knowledge,
Hybrid-RRT* (H-RRT*) [140] is proposed, which can effectively
track the previous and current positions of the moving obstacle.
When the camera detects moving obstacles, the robot can discard
the original target point and set the current position of the
moving obstacle to the temporal goal based on the initial global
path generated by RRT* so that the robot can move toward this
point with the introduction of 'go from behind’ strategy.

3.2.3. Dynamic shifts in target points

Artificial Potential Field (APF) methods [141] are favored in
path planning due to their low computational demands and
straightforward design and are suitable for real-time decision-
making scenarios where the target point changes. Such algo-
rithms leverage the concept of potential fields, both attractive
and repulsive, for real-time path planning. These methods utilize
a potential function within the configuration space (C-space)
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to differentiate between obstacle-filled and free areas, assign-
ing higher values near obstacles and lower ones at a distance,
with a minimum at the goal location. Initially, a potential func-
tion is established within the C-space that delineates free from
obstacle-laden areas. This function is characterized by high values
near obstacles and low values further away, with a minimum
set at the goal location. Robots are guided by the gradients of
this function, moving from the starting point toward the goal
through dynamic updates in their paths. A method introduced
in [142] enables robots to follow a predefined path while allowing
for stochastic distribution among various paths within distinct
topological categories. This approach enhances the adaptabil-
ity of robotic systems to dynamically changing environments
by providing flexible path-planning options. In a novel integra-
tion of APF with advanced learning techniques, [143] utilizes
APF within an approximate cost function where integral rein-
forcement learning develops a strategy to minimize time and
energy consumption in unknown environments. This method ef-
fectively transforms a constrained finite horizon problem into an
infinite horizon optimal control problem, optimizing long-term
operational efficiency.

Connel and La [144] use an algorithm based on a trigonomet-
ric function to determine whether the obstacle interferes with
the original path of the robot. If the robot is disturbed, the re-
planning temporal goal is chosen as in [140]. The algorithm uses
the current position as the parent node, rewiring to generate
more nodes and selecting the best sub-path to guide the tree to
the temporal goal. When the robot reaches the temporal goal, it
continues the global path along the original RRT* plan in a man-
ner similar to [140]. Online RRT* (oRRT*) [145] adds two points
based on RRT*: (1) the root node moves with the position of the
robot. (2) The density of each grid is pre-defined by the occupancy
grid, which provides the foundation for further sampling and
subsequent rewiring without adding new nodes. It is divided into
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three steps: (1) online sampling, adding nodes to the tree within
a certain number, and re-optimizing when the robot moves. (2)
start-point moving, which adds a node in the new location and
rewires neighbor; (3) online pruning. Every time a new node
is added, an old node is deleted, and the memory efficiency is
maintained.

Based on RRT* and Informed RRT*, Naderi [ 146] proposed the
first real-time RRT-based algorithm while not trimming the tree
but maintaining the structure of the entire tree, allowing it to
query multiple target points. In the face of dynamic obstacles
and dynamic target points that can change their position on
the fly, RT-RRT* can be rewired quickly in a good real-time
manner to deal with changes in the environment. The real-time
capability was achieved by introducing two rewiring methods.
One is rewiring starting from the root, which creates a growing
circle centered at the agent. The other is using both focused and
uniform sampling. When the node of the tree is closest to the
goal, uniform samples are achieved randomly in the line between
the goal and the node.

In summary, algorithms for dynamic environments need to
handle moving obstacles and changing layouts, requiring real-
time reactivity and path adjustments. D*, a dynamic version of
A*, updates only the affected sections of the path rather than re-
planning from scratch, making it well-suited for environments
where some parts of the layout change frequently. Dynamic RRT
(DRRT) and RRT*FND adjust paths based on new information,
such as newly detected obstacles or altered goals. DRRT, for ex-
ample, recalculates paths by pruning and regrowing parts of the
tree, which adapts the algorithm for dynamic updates. Artificial
Potential Fields (APF) are particularly reactive to nearby obstacles,
enabling quick adjustments, though they can struggle with local
minima. This high sensitivity makes APF responsive to dynamic
changes but limits its suitability in highly complex environments.

3.3. Human-robot coexisting environment

In recent years, with the development of robot technology,
various security robots and service robots have gradually entered
our lives. This trend has made human life more convenient.
Conversely, it has also made the working environment of mobile
robots more complicated. The difficulties in dynamic planning
under the human-machine coexistence environment are as fol-
lows: monitoring and tracking mobile obstacles; prediction of
future poses; online planning and navigation [147]. The princi-
ple problem is how to find a feasible and optimal trajectory in
a complex, dynamic human-machine coexistence environment.
Conditions to be met: (1) efficient; (2) low storage requirement.
The vast majority of sampling-based planning algorithms are all
static, whereas only a small fraction can be applied to dynamic
environments quickly and efficiently [148].

3.3.1. Planning with motion prediction of the obstacles

Some planning methods predict the dynamic obstacle or the
next position of the pedestrian with the guidance of machine
learning, which can be classified as a motion predictor. [149]
uses a Model Predictive Control (MPC) method, making it pos-
sible to execute the planned trajectory and plan simultaneously.
[150] proposes an occlusion-aware motion planning control (OA-
MPC) framework. It proposes a safe navigation method for robots
operating in dynamic and uncertain environments where occlu-
sions could hide moving obstacles. The solution addresses the
issue of predicting the trajectories of hidden dynamic agents
(such as pedestrians) using forward reachability analysis, which
calculates potential reachable zones for these agents based on
worst-case assumptions. Once the MPC is chosen, only a limited
segment of the planned trajectories is executed; at the same
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time, a new trajectory is planned online. When the Execution
is over, a new planned trajectory is ready for Execution. The
risk-RRT combines the probabilistic collision risk function linking
planning and navigation methods with the perception and the
prediction of the moving pedestrians [147,151,152]. Assuming
that the typical motion pattern in the observed environment
has been learned, linear and continuous models are produced.
[153] uses the Gaussian process [154] characterizes the typical
trajectory, and cooperates with other probabilistic frameworks
to complete the prediction of the motion model of dynamic
obstacles using Gaussian Processes. The uncertainties in the static
environment are characterized by the occupancy grid, and the
uncertainties in the dynamic environment are characterized by
a mixed Gauss of each timestamp. The likelihood of the future
trajectory of the obstacle and the probability of the occupancy is
used to calculate the risk of the collision, and the calculated risk
of each different timestep is recorded into the Occupancy Grid
Map, which guides the node with the least risk. Combine time
with re-planning online to update the path in real-time. However,
risk-RRT does not care about path quality, and the generated
path is suboptimal. In addition, simply considering people as
mobile obstacles with a typical motion model while ignoring the
comfort of pedestrians and social adaptive conventions cannot
meet the social requirements for robots in the human-computer
coexistence environment.

Compared to [152,155] not only deals with the notion of
risk of collision but also takes account of social conventions
in the navigation process based on risk-RRT, which represents
the notion of risk of disturbance, equipping the robot with the
features to respect human interacting and proximity constraints
such as personal space and o-space. Robots can be competent in
carrying out ’joining a group’ tasks, which are based on socially
adapted behavior. Risk-RRT* [148] combines RRT* with comfort
and collision risk (CCR) map [156]. The human comfort model
is used together with collision risk to calculate the occupancy
grid map. Combined with RRT*, the efficiency of the algorithm
and the comfort of the person are effectively improved. In spite
of the quality of the path being solved, it takes a long time to
obtain this effect. Risk-based Dual-Tree Rapidly exploring Ran-
dom Tree (Risk-DTRRT) [157] is proposed to improve the quality
of the path and find the optimal homotopy path in the heuristic
path. The paper points out the problems of reconnecting on the
original tree: firstly, recalculating risk and input according to
the timestamp will generate an inverse dynamic problem, and
the calculation amount will increase. Secondly, it will waste the
effective information of the original tree. The Dual-Tree planning
framework is proposed, including the initial heuristic tree and the
rewired tree. First, a time-based initial heuristic path is planned
using Risk-based RRT. Instead of directly reconnecting the initial
path, the rewired tree is established, and the line-of-sight control
algorithm is introduced to find the possibility of minimum-cost
rewiring.

3.3.2. Learning from demonstration

Learning from Demonstration (LfD) is a promising technology
that can release robot prototypes from research laboratories.
Based on LfD, robots can successfully work in the real world, even
realizing human-robot collaboration (HRC) without any prior
knowledge of robotics technology in order to teach robots new
tasks. Researchers should not only consider robot learning algo-
rithms or techniques but also take into account many human-
centric issues, such as the human partner’s feelings and inten-
tions during collaboration phases [158]. [159] proposes CAM-RL, a
crowd-aware memory-based reinforcement learning method that
uses gated recurrent units (GRU) to model human dependen-
cies and enhance robot navigation in crowded environments. By
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incorporating multi-layer perceptron (MLP) and attention mech-
anisms, CAM-RL improves human-robot interaction. In [160], a
socially aware mapless navigation algorithm combines safe rein-
forcement learning with societal traffic norms to improve cooper-
ative avoidance and navigation success in complex environments.
This novel approach highlights the importance of incorporating
social behaviors and norms into navigation algorithms to enhance
interaction dynamics among robots.

The field of robot programming through demonstration or
simulation involves the transfer of effective behavior from human
demonstration to observing the robot. Learning from demonstra-
tion avoids hard programming in complex environments. There
are several methods for accurately introducing human navigation
features into the navigation path of the robot, which the first is
to adjust the behavior of the robot by adding the constraints of
human society to the robot’s path planning program through the
hard-coding based method [161]. Compared to abstract mathe-
matical formulas that are hardly defined in the form of coding,
there is no doubt that demonstration can more vividly describe
social navigation. [ 162] combines Fully Convolutional Neural Net-
works (FCNs) and RRT*, applying fully convolutional networks
to learn from demonstrations representing human-aware nav-
igation. [163] gives a series of expert examples for extracting
the reward function and maximizing or minimizing the reward
function in the process of iteratively. Purely using IRL on the
basis of the current cost function at each iteration, planning
forward, which is not suitable in a complex environment. IRL,
as an auxiliary tool of RRT* can guide the sampling process of
RRT*, making the planning more efficient. [164,165] learn social
navigation behaviors from the data sets of expert demonstrations
obtained. The IRL of Maximum entropy-based [166] is used to
continuously update the weights of each feature for social nav-
igation to guide the next RRT* growth. [167] proposes Raiding
Rapidly Exploring Learning Trees (RLT*), applying IRL to learn
the cost function used by RRT* from the expert example. [167]
also proposes Approximate Maximum Margin Planning (AMMP),
which is extended by the maximum margin (MMP). The algo-
rithm uses the caching scheme to improve its performance and
reduce computational costs. Why is AMMP introduced in RRT*:
noisy gradients can be produced when a separate set of points
is sampled at every iteration, which can affect convergence. Only
when the cost function is updated is a rewire needed. IRL does
not require modeling of system dynamics.

Briefly, in human-robot coexisting environments, algorithms
need to prioritize safety, predict human behavior, and create
comfortable, collision-free paths. MPC (Model Predictive Control)
incorporates predictive models to anticipate human movements,
adapting its path to ensure safe distances are maintained. By con-
stantly updating predictions, MPC can generate smooth paths that
adapt to human presence in real-time. Risk-aware algorithms,
like Risk-RRT* and Risk-DTRRT, integrate risk assessment into
path planning, prioritizing routes that minimize the potential
for risky interactions. This adaptation involves assigning higher
costs to areas with a high likelihood of human presence, allow-
ing the robot to proactively avoid these areas. RLT* combines
reinforcement learning with RRT* to adapt its planning based
on prior human-robot interactions, gradually optimizing paths
for smooth interactions while remaining responsive to changing
human behaviors.

3.4. Multi-robot environment

While human-robot interaction focuses on the dynamics be-
tween robots and individual humans, multi-robot collaboration
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involves coordinating multiple autonomous agents simultane-
ously, introducing distinct technical challenges. Multi-robot sys-
tems require advanced algorithms for seamless inter-robot com-
munication, task allocation, and conflict resolution to ensure co-
hesive and efficient operations. Unlike human-robot interactions,
which primarily address adapting to human behavior, multi-
robot collaboration demands synchronized actions and consis-
tent information sharing among all robots to achieve collective
objectives.

Additionally, scalability and environmental adaptability are
critical hurdles unique to multi-robot systems. As the number
of robots increases, the computational and logistical demands
escalate, necessitating scalable control solutions that can handle
exponential data processing and communication overhead. Fur-
thermore, these systems must navigate diverse and dynamically
changing environments while maintaining tight coordination,
requiring highly adaptive and resilient navigation algorithms. Ro-
bust communication protocols and decentralized control strate-
gies are essential to managing real-time data exchange and au-
tonomous decision-making, distinguishing multi-robot collabora-
tion from the typically simpler communication needs in human-
robot interaction.

3.4.1. Bio-inspired methods

Bio-inspired algorithms for multi-robot navigation harness the
principles of natural systems to navigate complex environments
efficiently and adaptively. Unlike traditional mathematical mod-
eling techniques that focus on explicit environmental modeling,
these methods emulate biological processes, fostering decentral-
ized decision-making akin to individual organisms within a col-
lective. This approach not only scales well with environmental
changes but also avoids common computational pitfalls such
as entrapment in local minima and the need to solve complex
objective functions directly.

As an important category of bio-inspired approach, Parti-
cle Swarm Optimization (PSO) has emerged as a robust tool
for addressing NP-hard challenges in multi-robot path planning,
favored for its straightforward implementation and quick conver-
gence properties. Researchers have developed an interval multi-
objective PSO, documented in [ 168], which innovatively enhances
the updating mechanism for global best positions and adjusts
crowding distances. Furthermore, an innovative combination of
PSO with differentially perturbed velocities, explored in [169], ef-
fectively minimizes path lengths and arrival times. This
approach is complemented by integrating a time-stamp seg-
mentation model designed to handle coordination costs more
efficiently, thus optimizing the overall time efficiency of the
robotic swarm. In another contribution, PSO is employed along-
side coevolutionary strategies and evolutionary game theory,
as documented in [170]. Additionally, a novel hybrid approach
that combines democratic robotics-oriented PSO with improved
Q-learning is introduced in [171]. This hybridization aims to
facilitate fast, real-time path planning. Collectively, these studies
enhance the application spectrum of PSO in complex multi-
robot path planning scenarios. They showcase a broad array of
enhancements, from theoretical refinements that improve algo-
rithmic efficiency and adaptability to practical implementations
that address real-world operational challenges.

On the other hand, genetic algorithms are highly effective
for multi-robot navigation, applying principles of natural selec-
tion to evolve optimal paths in complex environments. For in-
stance, in [172], genetic algorithms are employed to solve the
Multiple Traveling Sales Person problem, utilizing Euclidean dis-
tances and Dubins curves to ensure path continuity. Moreover,
in [116], genetic algorithms are deployed alongside area sensors,
which significantly improve the management of persistent coop-
erative coverage tasks, showcasing their utility in environments
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Fig. 5. Multi-robot navigation in a complex environment.

requiring continuous operational efficiency. In [173], genetic al-
gorithms are specifically tailored for path optimization in static
environments, cleverly differentiating between offline and on-
line scheduling strategies to effectively mitigate conflicts among
robots. Furthermore, in [174], genetic algorithms are innovatively
adapted for real-time, cooperative path planning. The authors
redefine genetic operators to enhance operational responsive-
ness, enabling more agile and effective responses in dynamic
settings. These varied applications underscore the effectiveness
of genetic algorithms in navigating the complexities of multi-
robot path planning. By leveraging their robust genetic operators
and evolutionary principles, these algorithms not only tackle
high-dimensional search spaces but also adapt to the evolving
dynamics of multi-robot systems.

3.4.2. Learning-based methods

Learning-based navigation strategies employ sophisticated
machine learning techniques, notably RL, to empower multi-
robot systems with advanced path planning. These strategies
harness extensive environmental interaction data to train robust
algorithms, enabling robotic systems to autonomously develop
and refine effective navigational and cooperative behaviors. The
principal strength of these approaches lies in their adaptability;
robots dynamically enhance their decision-making by integrat-
ing real-time data feedback and ongoing model optimization,
effectively adapting to evolving environmental conditions. This
adaptability, combined with scalability that accommodates vary-
ing swarm sizes, robustness against sensor inaccuracies, and
heightened autonomy that minimizes human intervention, sig-
nificantly bolsters the efficiency and effectiveness of multi-robot
collaboration.

Recent advancements in learning-based multi-robot path
planning have showcased the profound impact of neural network
models and sophisticated decision-making frameworks on en-
hancing autonomous navigation capabilities across various
robotic platforms. A prime example of this integration is the
Cooperative Autonomous Distributed Robotic Laboratory (CADRL)
algorithm, introduced in [175], which employs deep reinforce-
ment learning to develop cooperative navigation policies tailored
for navigating complex environments. Additionally, the study
presented in [176] explores a novel reinforcement learning policy
specifically crafted for distributed agent-level obstacle avoidance.
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This policy achieves faster convergence rates compared to con-
ventional methods, highlighting the effectiveness of specialized
learning strategies in improving the autonomy and responsive-
ness of individual robots within a multi-robot system. Building
upon these developments, the research in [177] utilizes the
Multi-Agent Deep Deterministic Policy Gradient (MADDPG) al-
gorithm to address both goal assignment and path planning
simultaneously. This method has shown significant improve-
ments in real-time performance for unmanned aerial vehicles
(UAVs) operating in dynamic environments.

The rapid evolution in learning-based multi-robot navigation
is further exemplified by the work in [178], which introduces a hi-
erarchical framework adept at integrating sensor and agent data
to significantly enhance collaborative navigation in environments
where robot communication is constrained. This methodology
not only enhances data utilization but also ensures more co-
herent and unified decision-making processes among the robots.
Additionally, the study presented in [160] introduces a socially
aware mapless navigation algorithm that ingeniously blends safe
reinforcement learning with societal traffic norms. By embed-
ding social behaviors and norms into the navigation algorithms,
this strategy enriches the interaction dynamics among robots,
allowing for more natural and intuitive robotic behaviors in en-
vironments typically navigated by humans, thereby facilitating
smoother integration and interaction. Expanding upon these in-
novations, [179] explores a learning-based method specifically
designed to tackle the challenges of multi-agent navigation to
multiple destinations amidst a mix of static and dynamic ob-
stacles. Collectively, the above studies mark significant strides
in advancing the capabilities of multi-robot systems. They ad-
dress the varied of difficult challenges encountered navigation in
complex environments (as shown in Fig. 5) through continuous
algorithmic innovation and adaptation. These research efforts
underscore a notable shift towards developing more intelligent,
autonomous, and collaborative robotic systems.

3.5. Discussion

As shown in Table 5, we selected four representative algo-
rithms from four environments for comparative analysis. The
parameters involved in the table are defined as follows. V is the
number of nodes, and E is the number of edges of a graph. n is the
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Table 5
Summary of planning methods.
Categories Method Path quality Convergence speed Scalability Computational complexity
Static environment Graph-based [112], [114] Optimal Medium Medium  O((V +E)-logV)
Multi-tree RRT [118], [119] Sub-optimal High High O(nlogn)
SPARSE-RRT [125] Near Asymptotically optimal Medium High O(nlogn)
Bidirectional trees RRT* [130]  Asymptotically optimal Low High o(n?)
Dynamic environment D* [135] Optimal High Medium  O((V +E)-logV)
DRRT [133] Sub-optimal High High O(nlogn)
RRT*FND [137] Asymptotically optimal Low High O(nlogn + k)
APF [141] Sub-optimal or no solution  High Low o(m)
Human-Robot coexisting environment MPC [149] Optimal Medium Low oO(N3)
Risk-RRT* [148] Asymptotically optimal High High o(n?)
Risk-DTRRT [157] Asymptotically optimal High High o(n?)
RLT* [167] Asymptotically optimal Low High O(nlogn)
Multi-Robot environment PSO [168], [171] Sub-optimal Low Medium  O(A*N)
Genetic Algorithms [172], [116] Sub-optimal Low Medium  ©O(A*N)
RL [175] Sub-optimal Medium Low O(A%S)
Multi-agent RL [177], [178] Sub-optimal Medium Medium  O(A® % S)

number of sampling nodes of a tree. m is the number of obstacles
in the environment. k is the number of dynamic environment
updates. N is the number of time steps in the prediction. In static
environments, algorithms can assume that obstacles and the en-
vironment layout remain constant, which allows for precomputed
or gradually optimized paths. Graph-based algorithms provide
optimal paths by searching through pre-defined nodes and edges,
but their computational complexity is high. Multi-tree RRT can
explore large spaces faster by creating multiple trees, though
the path quality is typically sub-optimal. SPARSE-RRT introduces
sparsity to reduce node density and improve search speed, pro-
ducing paths close to optimal. Bidirectional trees RRT* works with
two expanding trees from the start and goal, aiming for a high-
quality, asymptotically optimal path but at a slower convergence
rate. In dynamic environments, obstacles may move or appear
unpredictably, requiring algorithms that can adapt paths in real-
time. D* algorithm efficiently re-plans paths by updating only the
affected parts, ensuring an optimal path but at the cost of higher
computation. DRRT extends RRT by allowing dynamic replanning,
providing sub-optimal but feasible paths quickly. RRT*FND builds
on RRT with frequent updates, which provides asymptotically
optimal paths in a dynamic environment but with significant
computational cost. APF (Artificial Potential Fields) is faster but
often struggles with local minima and may fail in complex envi-
ronments. In environments where robots coexist with humans,
path planning must account for human behaviors and interac-
tions. MPC (Model Predictive Control) produces optimal paths
by continuously predicting future positions, but it requires high
computation and may not be suitable for real-time applications.
Risk-RRT* and Risk-DTRRT incorporate risk assessments, making
them suitable for environments where safety is a priority, but this
increases computational complexity. RLT* combines reinforce-
ment learning with RRT*, gradually optimizing paths in real-time,
though the convergence speed remains low.

Table 5 also illustrates the characteristics of various multi-
robot navigation methods. A is the number of robots, while S
is the size of observation space. Both PSO and genetic algo-
rithms exhibit low convergence speeds and medium scalability,
suggesting that while they can manage a moderate number of
robots, their efficiency diminishes as the system grows. In con-
trast, RL methods achieve medium convergence speeds but suffer
from low scalability, limiting their applicability in larger multi-
robot systems. Multi-agent RL strikes a balance with medium
scalability and medium convergence speeds; however, it incurs
higher computational complexity due to the increased interac-
tions between agents. Overall, the analysis underscores the trade-
offs between convergence speed, scalability, and computational
demands inherent in each method.
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4. Challenge and direction
4.1. Perception

One of the most significant issues is occlusion observation
[180,181]. Achieving robust perception with partial observation
is still an open problem. Learning-based methods benefit signifi-
cantly from large-scale data and deep neural networks. However,
when deployed in robotic operation environments, these meth-
ods often suffer from domain shift, where the learned networks
fail to generalize to conditions that differ from the training data.
To address this challenge, online continual learning (OCL) meth-
ods [182,183] can be employed to fine-tune the network with
newly acquired data in real-time. However, OCL still faces issues
like slow convergence and unstable fine-tuning when deployed
in real robotic scenarios.

As for localization and mapping, they are affected by sev-
eral factors, including sensor noise, external interference, and
environmental conditions such as weather. In low-texture, dy-
namic, or complex environments, localization accuracy tends to
decline, posing potential safety risks. To address these challenges,
multi-sensor fusion is key, combining data from various sensors
while managing issues like data inconsistency and time delays.
Additionally, achieving high-precision localization requires pro-
cessing large amounts of perceptual information in real-time,
necessitating a balance between complexity and performance.
In dynamic environments, real-time map updates are critical,
requiring efficient data processing to ensure that maps reflect
changes accurately. Large-scale mapping adds further complexity
due to the vast amounts of data involved, necessitating efficient
memory management and processing techniques. Methods must
also ensure consistency and comparability of data across varying
regions and applications to support reliable decision-making in
diverse scenarios.

4.2. Planning and collaboration

Currently, the challenges of path planning algorithms mainly
focus on real-time performance and adaptability in complex dy-
namic environments. With the increasing diversity of application
scenarios, ensuring the safety and efficiency of paths in crowded
or uncertain environments has become a key challenge. Addi-
tionally, computational efficiency and energy consumption are
gaining more attention in industrial and commercial applications.
To address these challenges, research is shifting towards the
incorporation of intelligent algorithms such as deep learning and
reinforcement learning to enhance robustness and adaptability
in path planning. Furthermore, human-robot interaction comfort
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and multi-robot collaboration are also key areas of focus. In
the future, path planning algorithms combined with predictive
models and learning methods will be better equipped to han-
dle uncertainty and dynamic changes in complex environments,
achieving more intelligent autonomous navigation.

Besides, in the realm of multi-robot path planning, several core
challenges hinder the development of efficient, robust systems.
First, scalability remains a pivotal issue as increasing the number
of robots in a system introduces significant computational and co-
ordination complexities. Additionally, the heterogeneity of robot
capabilities presents another layer of complexity. Moreover, local
optima poses a substantial challenge in optimization-based nav-
igation strategies. To overcome these challenges, future research
directions could focus on developing adaptive, learning-based
algorithms that enhance scalability and flexibility in system de-
sign. Leveraging artificial intelligence and machine learning could
enable more dynamic decision-making processes, allowing robots
to autonomously adjust their strategies based on real-time data.
Furthermore, the exploration of decentralized decision-making
models, where robots operate semi-independently while adher-
ing to a set of global objectives, may provide a balance between
autonomy and coordination, effectively avoiding local optima and
improving overall system performance.

5. Conclusion

Our review has highlighted the importance of perception in
replicating human-like comprehension and interpretation of the
environment. Despite significant advancements in recent years,
numerous challenges persist. Condition sensitivity in appear-
ance features, occlusion problems, and domain drift in learning-
based methods represent ongoing obstacles. Also, the degenerate
scenes, the complexities of large-scale data processing, and the
noise sensitivity are still open problems.

In terms of path planning for single-robot systems, we re-
view the development of graph-based and sampling-based path
planning algorithms. With the expansion of application scenarios
to industrial and commercial domains, researchers also began
considering the impact of dynamic obstacles. However,
simply treating pedestrians as obstacles may disrupt their normal
activities, causing congestion. Therefore, achieving comfortable
human-robot interaction has become a critical issue for path-
planning algorithms. The use of predictive and learning-based
approaches is now the mainstream direction in both practical
applications and research for robotics.

For multi-robot systems, this review has systematically ex-
plored a broad spectrum of multi-robot navigation strategies.
It provided an in-depth analysis of each method, highlighting
their unique features and key contributions. Despite notable
advancements, persistent challenges such as scalability, hetero-
geneity of capabilities among robots, and susceptibility to lo-
cal optima continue to constrain the efficacy of these systems.
Promising research directions include the integration of learning-
based with bio-inspired models to enhance adaptability and
decision-making capabilities. Moreover, advancements in com-
munication technologies and the development of decentralized
algorithms promise to address many of the current challenges.

The manuscript concludes with a discussion of future re-
search directions. We believe that this review can promote the
development of autonomous robots and their applications.
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