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ABSTRACT

Humanoid robots, increasingly recognized for their potential to drive economic and social development, have garnered sig-
nificant attention in recent years. This paper aims to provide a comprehensive overview of the progress, challenges, and future
directions in humanoid robotics, with a particular emphasis on essential system components and key technological innovations.
Through a review of historical milestones, this paper explores critical aspects such as the design of the head and body, and
examines state-of-the-art technologies in areas like locomotion control, perception, and intelligent manipulation. By presenting
a thorough analysis of the field, this work aims to serve as a valuable resource for researchers and inspire future innovations

that will drive the continued evolution of humanoid robots.

1 | Introduction

Humanoid robots are a critical focus in national technological
advancement, representing a promising emerging industry that
is, the key to future economic and industrial competition. These
robots will have a profound impact on national economic and
social development. By integrating frontier technologies—such
as advanced manufacturing, novel materials, and artificial
intelligence—humanoid robots aim to emulate and eventually
surpass human capabilities. Through continuous evolution and
adaptation, humanoid robots will integrate smoothly into
existing social systems. As a result, humanoid robots are ex-
pected to become a driving force in the transformation and
upgrading of the manufacturing industry, both in China and
globally, enhancing societal productivity and improving people's
quality of life.

The technology and industry surrounding humanoid robots are
advancing rapidly worldwide. In 2022, Tesla's Optimus made a
landmark debut, reshaping perceptions and expanding func-
tional boundaries for humanoid robots. Its unveiling ignited
global discussions and sparked imaginations about the potential
for general-purpose applications in robotics. In 2023, rapid ad-
vancements in large language models accelerated the emer-
gence of embodied intelligence. As a prominent example of
embodied intelligence, humanoid robots have become an ideal
testing ground to validate large models' abilities to interact
effectively with the physical world, further driving advance-
ments in humanoid robotics. Today, with cross-industry inte-
gration between tech giants and traditional enterprises, along
with collaboration among academia, industry, government, and
capital, humanoid robots are at the forefront of industrializa-
tion. The application-driven development of humanoid robot
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products, coupled with the growth of a supporting component
industry, is flourishing, revealing immense market potential.

Globally, the commercialization of humanoid robots remains in
an early phase. For humanoid robots to achieve widespread
practical application, they must overcome several key technical
challenges:

1. Stably Whole-body Control. Humanoid robots, as inher-
ently unstable systems, rely on intermittent foot contact
with the ground, creating minimal time and spatial do-
mains for stability control. Stability is further challenged
by factors such as dynamic model inaccuracies, uneven
terrain, changing tasks or loads, and human-robot in-
teractions. This makes it essential to develop technology
capable of achieving human-like, full-body coordinated
motion to maintain balance and stability.

2. Intelligence Upgradation. As versatile systems, humanoid
robots should possess general-purpose intelligence that
adapts to diverse environments and tasks. This represents
a major challenge and key focus in artificial intelligence
development, necessitating advanced abilities in semantic
perception, environmental and object comprehension, and
highly generalized human-like skill learning.

3. Human-Robot Interaction: Aiming to integrate into hu-
man society and fulfill roles in household settings, hu-
manoid robots encounter substantial challenges in
emotional expression and interaction. Effective interaction
requires robots to interpret human emotions accurately
while also expressing their own through facial movements,
vocal tones, and gestures. Realizing such natural
emotional engagement necessitates not only sophisticated
perception and control technologies but also the seamless
integration of multifunctional systems to enable genuine,
human-like emotional responses.

4. System Integration: For reliable, sustained operation in
complex and dynamic settings, enhancements in mobility,
flexibility, reliability, load capacity, and battery life are
required. These demands place high expectations on
component performance, size, and weight, while necessi-
tating the integration of hundreds of parts and seamless
hardware-software fusion. Achieving these calls for
compact, lightweight, and highly integrated design
solutions.

This paper is organized as follows: Section 1 outlines the study's
scope and motivations. Section 2 provides a review of the histor-
ical development of humanoid robots. Sections 3 and 4 focus on
robot components—Section 3 examines head designs (both non-
anthropomorphic and anthropomorphic), while Section 4 delves
into body components, covering both hardware and software
structures. Section 5 discusses key technologies such as locomo-
tion control, perception, navigation, and intelligent manipula-
tion, with an emphasis on both model-based and learning-based
approaches. Section 6 explores application scenarios, ranging
from industrial workers to disaster rescuers. Section 7 discusses
challenges and trends, including design, human-robot interac-
tion, security, cost, modularity, and embodied intelligence. The

technological framework of humanoid robot is illustrated in
Figure 1.

2 | Development of Humanoid Robots

The first bipedal robot was created in 1969 by Ichiro Kato from
Japan's Waseda University. It featured only the lower body with
bipedal legs, powered by hydraulics and cable traction for static
walking. By 1972, the first full-body humanoid robot was
developed. Since then, the evolution of humanoid robots has
gone through several phases: from foundational theoretical
methods and system formation to the rapid advancement of key
technologies and system diversification. Currently, humanoid
robots have entered an industrialization phase driven by appli-
cations and oriented toward products, with the potential to
achieve low-cost, large-scale production and application in the
future. During this development journey, numerous represen-
tative prototypes have emerged both domestically and
internationally.

Honda began humanoid robot research in 1986, and after a
decade, developed the P2 model, which featured 30 degrees of
freedom (DOF) and a walking speed of 2 km/h. In 2000, Honda
introduced ASIMO, with 26 DOF and a walking speed of
1.6 km/h, later achieving speeds of 2 km/h while walking and
6 km/h while running by 2005. Between 2005 and 2018, ASI-
MO's capabilities continued to evolve, reaching a running speed
of 9 km/h and acquiring skills such as hopping on one or two
legs, climbing stairs, and integrating modules for intelligent
perception, manipulation, and interaction. ASIMO demon-
strated impressive tasks like kicking a ball, unscrewing bottle
caps, pouring water, serving tea, and following people. How-
ever, due to high production costs and limited scalability, the
ASIMO project was officially discontinued in 2018.

Boston Dynamics’ work on bipedal walking theory dates back to
1986, when its founder, Marc Raibert, introduced the concept of
dynamic balance control. The company began formal research
on humanoid robots in 2009, developing Petman, a robot
designed to test U.S. military chemical suits. In response to the
failure of robots to perform tasks during the Fukushima nuclear
disaster, Boston Dynamics released the humanoid robot Atlas in
2013, designed for disaster rescue and special operations, with
the ability to walk stably on rubble-filled terrain. Over the next
decade, the company enhanced Atlas's dynamic movement ca-
pabilities, achieving breakthroughs in virtual model control,
nonlinear model predictive control, and full-body control. This
progress enabled Atlas to perform complex actions such as
parkour, triple jumps, whole-body coordinated dances, running
and jumping onto steps, and walking on a balance beam. In
April 2024, Boston Dynamics unveiled a fully electric version of
Atlas, which can rise from the ground and features joints
capable of rotating 360°.

Tesla introduced its humanoid robot Optimus prototype in 2022,
standing about 173 cm tall and weighing approximately 56 kg.
The robot demonstrated basic tasks such as walking, watering
plants, and moving metal rods. After two iterations, in 2023, the
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FIGURE 1 | Technological framework of humanoid robot.

Optimus Gen2 achieved stable walking in factory environments,
the ability to stand still while grabbing objects, learning human
movements through mapping, and using autonomous driving
technology for environmental perception and intelligent navi-
gation. Future plans include deploying Optimus on a large scale
in industrial, service, and household applications.

The U.S. company figure.ai released the humanoid robot Figure
01, which stands 150 cm tall and weighs 60 kg. The robot
demonstrated capabilities such as making coffee and moving
materials into bins. On March 1, 2024, figure.ai announced a
collaboration with OpenAl to integrate multimodal large
models into Figure 01, enabling it to achieve desktop environ-
ment perception, facilitate smooth human-robot dialog, and
perform tasks such as placing a black plastic bag into a box and
arranging cups and plates on a draining rack based on a neural
network strategy model.

China began research on humanoid robots in the 1990s, with
several institutions, including the National University of De-
fense Technology, Harbin Institute of Technology, Tsinghua
University, Beijing Institute of Technology, and Zhejiang Uni-
versity, making significant research achievements. In recent
years, domestic universities, research institutes, and technology
companies have increasingly engaged in humanoid robot
research and industrialization.

In terms of universities, Beijing Institute of Technology started
its humanoid robot research in 2000 and released the BHR-1 in
2001, which could walk independently without external cables,
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reaching a maximum walking speed of 2 km/h. After several
iterations, it gained abilities such as performing Tai Chi, playing
table tennis with humans, and fall protection. From 2008 to
2011, Zhejiang University developed “Wukong I,” which could
play hundreds of rounds of table tennis with humans or another
robot, gaining international attention. It was featured by outlets
such as the Associated Press, Reuters, and National Geographic,
and included in a summary report to the U.S. President by the
National Science Foundation. “Wukong IV,” a humanoid robot
developed later, achieved a maximum speed of over 6 km/h, a
high jump of 0.5 m, and the ability to climb 25° slopes and
10 cm steps. It could adapt to various terrains, including outdoor
surfaces, grass, mud, stairs, and slopes, and also had environ-
mental perception and autonomous navigation capabilities.

On the enterprise side, UBTECH Robotics began developing
humanoid robot products in 2012, releasing the Walker series
humanoid robots, which can walk stably across multiple ter-
rains, climb stairs, and navigate autonomously. In 2023, Unitree
launched the H1, a general-purpose humanoid robot standing
approximately 180 cm tall and weighing about 47 kg. The H1 is
capable of fast running, stair climbing, and resisting external
disturbances. In 2024, Unitree released its second humanoid
robot, the GI1, standing around 127 cm tall and weighing
approximately 35 kg, which can integrate a three-finger force-
controlled dexterous hand and demonstrate flexible full-body
movement abilities such as getting up and jumping. Addition-
ally, companies like Xiaomi, Agibot, Fourier, Dreame, and
Xpeng have also unveiled humanoid robot prototypes or
products.
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3 | Components of Humanoid Robot Head

As humanoid robots integrate into society and domestic set-
tings, public acceptance is crucial for their adoption. The robot's
head, especially the face, plays a key role in conveying emo-
tions, providing social cues, and building trust in human-robot
interactions. Effective design must balance functionality and
psychological comfort, addressing or surpassing the uncanny
valley [1]. A well-designed face shapes first impressions, facil-
itates communication, and adapts to cultural norms, ensuring
successful integration into daily life. Therefore, this paper be-
gins by introducing the components of humanoid robot head.
Due to the uncanny valley effect, two distinct design ap-
proaches have emerged. One approach intentionally designs
humanoid robot heads to look less human in order to avoid
triggering the uncanny valley, which can evoke discomfort or
fear in people. The other approach aims to make humanoid
robot heads as human-like as possible, with the goal of sur-
passing the uncanny valley and increasing the robot's accep-
tance and likability [2].

As the level of anthropomorphism in humanoid robot heads
increases, they progressively develop more complex human-
like features, starting from non-human facial characteristics,
then advancing to basic human traits such as eyebrows, eyes,
nose, and mouth, and ultimately including highly realistic
details like lifelike skin and hair. Concurrently, their facial
expressions become more nuanced, enhancing their human-
robot interaction capabilities. Based on the degree of
anthropomorphism, humanoid robot heads can be categorized
into two types: non-anthropomorphic and anthropomorphic.
Non-anthropomorphic humanoid robot heads exhibit few or
no human-like features, making them easily recognizable as
robots. In contrast, anthropomorphic humanoid robot heads
possess all human facial features, often making it difficult to
distinguish them from actual humans based on appearance

(a) Without Facial Expression (b)

‘:J. 4

Digit Navigator 2 Romeo Halodi

Non-Anthrepomorphic

FIGURE 2 | Different types of humanoid robot heads.

Simple Facial Expression (c)

alone. The comparison of different types of humanoid robot
heads is shown in Figure 2.

The distinct appearances of these two types of humanoid robot
heads make them suitable for different application scenarios.
Non-anthropomorphic humanoid robot heads are more
commonly employed in industrial manufacturing, commercial
services, family companionship, healthcare, and education. In
contrast, anthropomorphic humanoid robot heads are more
often used in roles such as guides, receptions, commercial
promotions, shows, customer service, and similar fields. In this
section, we will discuss these two types of robots in detail.

3.1 | Non-Anthropomorphic Humanoid Robot
Head

Non-anthropomorphic humanoid robot heads can be catego-
rized into two types based on the presence of human facial
features. The first type is entirely non-human in appearance,
such as humanoid robots that use electronic screens as face. The
second type incorporates some human-like features, such as
facial traits, but lacks lifelike skin and hair. This type of hu-
manoid robot head often features a face designed in a
cartoonish, mechanical, or science fiction-inspired style. The
comparison of non-anthropomorphic humanoid robot heads is
shown in Table 1.

The first type of non-anthropomorphic humanoid robots is
primarily used in industrial settings, performing practical tasks
such as autonomous delivery or factory logistics, with no
emphasis on interactive capabilities. As a result, human-like
characteristics, such as facial features, are intentionally
omitted to avoid triggering the uncanny valley effect. Func-
tionally, their heads serve two purposes: decoration and housing
essential sensors, such as lidar, depth cameras, stereo sensors,

Complex Facial Expression

InMoov HRP-4C Nadine

Highly Anthropomorphic
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TABLE 1 | Comparison of non-anthropomorphic humanoid robot heads in Figure 2.

Robot name Year Head DOFs Face features Reference

H1 2024 0 No facial features [3]

Electric Atlas 2024 Neck: 1 No facial features [4]

Digit 2023 0 LED eyes [5]

Optimus Gen2 2023 Neck: 2 No facial features [6]

Figure 02 2024 Neck: 2 or 3 No facial features [7]

Navigator 2 2024 Neck: 2 No facial features [8]

Walker 2019 Neck: 2 Digit screen face [9]

Robin 2011 Neck: 3 Projected screen face [10]

Halodi 2020 Neck: 1 LED screen face [11]

iCub 2004 Eyes: 3; neck: 3; Mechanical eyes with LED [12]

mouth and eyebrows

NAO v6 2018 Neck: 2 Fixed face [13]

Pepper 2014 Neck: 2 Fixed face [14]

ROMEO 2014 Neck: 2; eyes: 2 x 2 Fixed face [15]

Nexi 2008 Eyebrows: 4; eyes: 3; eyelids: 4; Mechanical face [16]
mouth: 1; neck: 4

Flobi 2009 Eyebrows: 2; eyes: 3; eyelids: 4; Mechanical face [17]
mouth: 6; neck: 3

Robotinho 2009 Eyebrows: 4; eyes: 4; eyelids: 2; Mechanical face [18]
mouth: 5; neck: 2

KOBIAN 2012 Eyebrows: 8; eyes: 3; eyelids: 5; Mechanical face [19]
mouth: 8; neck: 4

InMoov 2012 Eyes: 4; eyelids: 2; mouth: 1; neck: 2 Mechanical face without eyebrow [20]

microphones, and speakers, to support other operations. These
robots do not even require a human-like head shape. For
example, Unitree's H1 humanoid robot head serves as a
mounting platform for a depth camera [3] (see Figure 2al),
Boston Dynamics' Electric Atlas features a large circular display
with a ring of lights [4] (see Figure 2a2) and Agility Robotics’
Digit robot uses a cylindrical head [5] (see Figure 2a3). How-
ever, for esthetic reasons and wider acceptance, an increasing
number of humanoid robots are being designed with more
human-like head shapes, such as Optimus Gen2 [6] (see
Figure 2a4), Figure 02 [7] (see Figure 2a5), Navigator 2 [8] (see
Figure 2a6), CyberOne [21] and other humanoid robots.

Although this type of humanoid robots lacks facial features,
many companies have employed alternative methods to express
the robot's status and enhance human-robot interaction. Agility
Robotics' Digit robot, for example, uses two LED-animated eyes
to convey information, such as indicating changes in direction
and other actions during operation. Optimus Gen 2 humanoid
robot utilizes light strips to signal working status, red for errors
and green for normal status. Figure 02 humanoid robot in-
corporates an LCD screen that displays dynamic icons based on
interactions, improving the user experience. CyberOne hu-
manoid robot uses a 2D curved OLED screen for visual
communication. In addition, many other humanoid robots also
use similar settings, such as Neo [22], Walker-S [23], etc.

The second type of non-anthropomorphic humanoid robots is
typically used in fields such as reception, service, education, and
healthcare, where interaction with users is essential. These robots
have some human-like facial features and can make simple ex-
pressions, but they lack lifelike skin and hair. A straightforward
method for achieving facial expressions is to use digital faces
displayed via screens, projectors, or LEDs. Robots like Walker [9]
(see Figure 2b1), Arash [24], and Iromec [25] use display screens
to express emotions. Some robots, such as Robin [10] (see
Figure 2b2), Mirokai [26], and Furhat [27], project animated faces
onto masks to create dynamic facial expressions. LEDs are
another approach, as seen in Halodi [11], which uses an entire
LED screen for its face (see Figure 2b3), and iCub [12] which
combines a cartoon facial shape with LED eyebrows and mouth to
adjust expressions and convey emotions (see Figure 2b4).

However, the expressions on digital faces tend to lack realism,
which can limit effective interaction. To facilitate better comm-
unication, researchers have developed mechanical structures to
enable dynamic facial expressions. These robots typically feature
acartoon-like appearance to enhance approachability and foster a
desire for communication. For example, robots like NAO [13] (see
Figure 2a7), PEPPER [14] (see Figure 2a8), and ROMEO [15] (see
Figure 2a9) use cartoonish faces with fixed smiling expressions,
while Nexi [16] (see Figure 2b5) and Flobi [17] (see Figure 2b6)
use cartoonish appearances with more dynamic faces. In addition
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to appearance, non-verbal communication, particularly facial
expressions, is crucial.

Alternatively, the face can also be designed to resemble human
features more closely. Since these non-anthropomorphic robot
heads lack lifelike skin, facial features are constructed as sepa-
rate mechanical components attached directly to the face mask,
such as Robot Robotinho [18] (see Figure 2b7), KOBIAN [19]
(see Figure 2b8) and InMoov [20] (see Figure 2b9).

3.2 | Anthropomorphic Humanoid Robot Head

The anthropomorphic humanoid robot head, typically fitted with
lifelike artificial skin and hair, can closely resemble a human,
often making it difficult to distinguish from an actual person. This
type of robot, also known as Android Robot, is designed to convey
emotions more naturally and enhance human-robot interaction
through its realistic appearance. The comparison of anthropo-
morphic humanoid robot heads is shown in Table 2.

The development of anthropomorphic humanoid robot heads
progresses from a focus on physical appearance to the integration
of advanced behaviors and emotions, moving through three main
stages, as shown in Figure 3. In the first stage, the focus is on
achieving a human-like appearance with realistic skin and facial
features—a milestone most anthropomorphic robot heads have
already achieved. In the second stage, the robot head acquires
anthropomorphic movements, including eye contact, lip

synchronization, and natural expressions, to enable more fluid
and coordinated interactions. Most current designs are in this
stage, demonstrating basic but improving capabilities for dynamic
interaction. In the third stage, the robot head develops an
anthropomorphic psychology. By Using an emotion model, it can
adjust its “mental state” based on its environment, facilitating
more natural and responsive emotional interactions with
humans. This stage remains in the experimental phase, facing
challenges in achieving real-time psychological and emotional
adaptability. This section will examine the evolution of anthro-
pomorphic humanoid robot heads across these three stages.

3.2.1 | First Stage: Anthropomorphic Appearance

In the first stage, an anthropomorphic humanoid robot head re-
quires a highly human-like appearance, particularly a realistic
face capable of expressing delicate facial movements and adjust-
ing in real-time to external changes. Achieving this involves not
only lifelike skin but also a mechanical structure to drive skin
movement and a sensor system to receive external stimuli.

3.2.1.1 | Realistic Skin. There are currently several op-
tions for creating realistic skin. The most common materials
include rubber or silicone. Some robots, like Affeto, use poly-
urethane elastomer gel [43], while SAYA uses urethane resin
[44] for facial skin. However, these materials can be challenging
to control; overly soft materials may cause the face to collapse,
while harder materials may limit facial flexibility. To address

TABLE 2 | Comparison of anthropomorphic humanoid robot heads in Figure 2.

Face
Robot name Year Head DOFs features Emotion model
Ibuki [28] 2018 Eyebrows: 3; eyes: 3; eyelids: 2; Childlike /
mouth: 7; neck: 3 Face 15 DoFs
18 AUs
Xiao Yao [29] 2024 Eyebrows: 4; eyes: 2; eyelids: 4; Female /
mouth: 13; neck: 3 Face 23 DoFs
19 AUs
Ameca [30] 2021 Eyebrows: 4; nose: 1; eyes: 4; eyelids: 4; Female Empathic mechanized anthropomorphic
mouth: 14; neck: 5 Gray face humanoid system
Face 27 DoFs
BHR-4 [31] 2010 Eyebrows: 2; cheek 2; eyelids: 6; Male /
mouth: 3; neck: 2 Face 13 DoFs
14 AUs
Sophia [32] 2016 Face 27; neck: 5 Female face /
HRP-4C [33] 2009 Eyebrows: 1; eyes: 2; cheek 1; eyelids: 1; Female /
mouth: 3; neck: 3; Face 8 DoFs
JiaJia [34] 2016 / Female /
Erica [35] 2015 Eyebrows: 2; eyes: 3; eyelids: 2; Female Emotional voice conversion model

mouth: 6; neck: 3

Nadine [36] 2013 Face: 7; neck: 3

Face 13 DoFs
Female
Face 7 DoFs

Personalized-characterized mood dynamics
model
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permission [42]. Copyright 2024, The Authors.

this, researchers have developed Frubber [45], a skin material
specifically designed for robot faces, made from a mixture of
sponge-like artificial rubber and foam. With moderate hardness,
Frubber allows for natural expressions such as smiles and
frowns, making it highly suitable for robot faces.

3.2.1.2 | Actuation Methods. The mechanical structure
that drives skin movement is typically based on the Facial Action
Coding System (FACS), developed by Ekman et al. [46]. FACS
divides facial muscle movements into 44 basic action units (AUs),
which can be combined to create a wide range of expressions.
Using this model, an anthropomorphic robot head employs
control points linked to these AUs, enabling the robot to accu-
rately simulate expressions by moving these control points.

There are three primary methods to drive these control points:
electric, pneumatic, and soft material deformation. Electric

drives rely on motors and servos, using gears, connecting rods,
pulleys, and cables to move control points in specific directions.
For example, Ameca [30] uses motors to drive connecting rods
for 19 control points (covering the eyebrows, eyelids, nose, and
mouth), while EVA [37] uses servos and lines to control 15
points on the face (see Figure 3a,b). Pneumatic drives utilize
pneumatic actuators behind the skin to directly pull control
points and create facial expressions. For instance, SAYA uses
McKibben pneumatic actuators, which simulate human mus-
cles, to control the movement of 19 facial points, while Nikola
uses pneumatic actuators with pressure control valves [47].
Although both electric and pneumatic methods offer precise
control, pneumatic actuators are often noisy, and electric actu-
ators take up substantial head space due to their weight and
size, limiting the robot head's freedom of movement. To address
these limitations, researchers have explored lightweight and
compact soft actuators for controlling facial expressions. For
example, Tadesse et al. [48] used shape memory alloys (SMAs)
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to drive eye and mouth movements; Pioggia et al. [49] used
dielectric elastomer actuators (DEAs) to achieve seven basic
expressions, and Y. Li et al. [50] utilized multilayered PVC gel
actuators (MPGAs) to control eye and jaw movements. How-
ever, these materials still require improvements to achieve rapid
expression changes and precise control.

Additionally, to better perceive the external environment, the
humanoid robot head incorporates various sensors that simulate
human senses, including visual and auditory sensors, micro-
phones, tactile sensors, and even olfactory sensors. With lifelike
skin, an advanced movement mechanism, and a suite of sensory
inputs, the robot head can further perform anthropomorphic
movements more realistically.

3.2.2 | Second Stage: Anthropomorphic Movements

In the second stage, the anthropomorphic humanoid robot head
can perform natural human-like movements, including eye
contact, lip synchronization, and expressive facial gestures.

3.2.2.1 | Eye Contact. Eye contact, in particular, is essen-
tial. Research by Kiilavuori et al. [51] found that eye contact
with a robot can evoke similar emotional and attentional re-
sponses as eye contact with a human, making the robot's gaze
critical for building trust and a sense of closeness during
human-robot interactions. To achieve natural eye contact, the
robot's eye movements must be both coordinated and
responsive. On one hand, natural eye movement requires
coordination with neck movement, ensuring that the speed of
eye and neck rotation aligns with human psychophysical
principles. Pateromichelakis et al. [52], for example, simulated
the human vestibular-ocular reflex in the Romeo robot,
allowing its eyes to stay fixed on a target even when the head
moves. On the other hand, the robot's eye focus should adapt
dynamically to its environment. In dyadic interaction, for
instance, the robot's sightline is typically focused on the user.
Rakovi¢ et al. [53] developed a gaze dialog model for the iCub
robot, enabling it to alternate between leader and follower
roles, infer human behavior, and adjust its point of gaze
accordingly. In multi-person interactions, the gaze direction
should shift to follow the speaker, fostering effective
communication. Zaraki et al. [54] designed a gaze control
system for the FACE robot that uses an attention-based
mechanism to direct gaze according to verbal and non-verbal
cues, proving effective in multi-person conversations.

3.2.2.2 | Lip Synchronization. The second aspect is lip
synchronization. The McGurk effect demonstrates that lip
movements influence auditory perception [55], making the
alignment of lip shape with audio essential for authentic human-
robot interactions. Achieving this requires not only designing a
mechanical mouth structure that can replicate various human
mouth shapes but also establishing a mapping relationship
between audio and the mouth movements of the humanoid
robot head. Strathearn and Ma [56] developed an innovative
robot mouth structure capable of opening, contracting, and
raising or lowering the lip corners, closely mimicking human
lip movements. For mapping audio to mouth movements,
researchers can draw from lip synchronization techniques used

in computer graphics animation. For example, Heisler et al.
[57] compared deep learning models, VisemeNet (based on
visemes) and FaceFormer (based on mesh structures), for
Android robots and found the mesh-based method to be most
effective for achieving realistic lip synchronization.

3.2.2.3 | Expression Generation. The last aspect focuses
on enabling robots to make anthropomorphic expressions based
on external information they receive. By processing and
analyzing signals from different sources, robots determine
appropriate expressions to convey emotions. Expression gener-
ation methods can be categorized into four types based on signal
sources: visual, audio, tactile, and multimodal data.

Visual signals are a primary source for generating expressions,
with current research emphasizing the simulation of human
expressions. Hu et al. [38] developed two deep learning models
for the Emo robot: one model predicts human facial expressions,
and the other generates motion commands, allowing the robot
to show co-expressions with human in real time (see Figure 3c).

Audio signals, particularly emotional cues in speech, also play a
key role in expression generation. While audio driven expres-
sion is well-developed in computer graphics animation, complex
humanoid robot head structures pose challenges for direct
adaptation. To address this, B. Li et al. [39] proposed a design
and motion synthesis approach based on linear blending skin-
ning (LBS), enabling real-time, speech-driven facial expression
generation with greater accuracy, efficiency, and naturalness
(see Figure 3d).

Tactile signals offer another channel for robots to generate ex-
pressions. By using tactile sensors, robots can detect the strength
and the location of touch, allowing for responsive facial ex-
pressions. Martinez-Hernandez et al. [58] developed a Bayesian
framework to interpret different types of touch, which is then
translated into emotional expressions through an emotional
control architecture, allowing the iCub robot to dynamically
adjust expressions based on tactile input.

Multimodal data combines signals from vision, audio, and text,
providing robots with comprehensive information for generating
expressions. Glas et al. [35] integrated multimodal data (vision,
audio, and position) into the ERICA robot, allowing it to accu-
rately locate the speaker, adjust eye gaze and expressions, and
provide natural verbal and non-verbal feedback, enhancing its
anthropomorphic performance and interaction quality in human-
robot communication (see Figure 3e). Although robots can
generate expressions from external signals, they lack emotional
cognition and complex emotional management. Establishing a
robot emotion model is essential for robots to not only produce
immediate expressions in continuous interactions but also to
adjust their emotional states based on environmental feedback,
achieving genuine “emotional intelligence.”

3.2.3 | Third Stage: Anthropomorphic Psychology

In the third stage, the anthropomorphic humanoid robot head
incorporates anthropomorphic psychology. To achieve this, an
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emotion model and emotion state management system are
developed, allowing the robot to simulate human emotional
responses when processing external information.

3.23.1 | Types of Emotion Models. The emotion model
classifies emotions, enabling the robot to understand and ex-
press distinct emotional characteristics, such as happiness,
anger, and sadness. The emotion models include discrete,
dimensional and other specialized types. In discrete emotion
models, each emotion is independent, as seen in Ekman's six
basic emotions: anger, disgust, fear, happiness, sadness, and
surprise [59]. Dimensional emotion models treat emotions as
continuous, showing their similarity and differences in dimen-
sional space. Notable dimensional emotion models include
Russell's two-dimensional valence-arousal (VA) model, where
“valence” reflects emotion polarity, like positive or negative,
and “arousal” represents intensity [60]. Building on this,
Mehrabian's three-dimensional pleasure-arousal-dominance
(PAD) emotion model introduces “dominance,” representing
how much a person feels in control or, alternatively,
submissive and controlled [61]. Additionally, Plutchik's
emotion wheel model presents eight basic emotions along
with their gradients and combinations. Building on this, his
cone model represents emotion intensity on the cone's vertical
axis, with eight sectors for each basic emotion [62]. Other
emotion models include the Ortony, Clore and Collins's
(OCC) model [63] and hidden Markov emotion model [64], etc.

3.2.3.2 | Emotion Systems of Humanoid Robot Heads.
Based on the emotion model, an emotion state management
system refines emotional expression by combining real-time
interaction data and the robot's set personality (often using
McCrae's five personality traits [65]). For example, Han et al.
[40] proposed an emotion expression generation method for
robots based on a two-dimensional PA emotion model
(pleasure-arousal), combining user emotional intensity with
the robot's personality traits to produce natural expressions
using the fuzzy Kohonen clustering network (FKCN) for
smooth emotional transitions (see Figure 3f). Similarly, Miwa
et al. [41] developed a psychological model for the humanoid
robot WE-4, creating a three-dimensional emotional space
(pleasure, activation, and certainty). This system allows the
robot to generate instant responses, sustain long-term
emotional tones, and dynamically adjust intensity based on
external stimuli, providing complex and personalized
emotional responses (see Figure 3g). J. Zhang et al. [42]
proposed a personalized-characterized mood dynamics
(PCMD) model using a three-dimensional PAD emotion
model, applied to the Nadine robot [36]. In this model,
personality acts as an emotional baseline, while emotions and
moods shape immediate responses and long-term states. The
system uses convex optimization to calculate emotional
weights, integrates emotions into mood shifts, and enables the
robot to express emotions consistently with its personality
over multiple interactions, enhancing personalized emotional
expression (see Figure 3h).

4 | Components of Humanoid Robot Body

Humanoid robots are designed to replicate human physical and
cognitive abilities, and as such, their components are a sophis-
ticated blend of hardware and software systems. In this section,
we explore the fundamental components of humanoid robot
body, which include their hardware architecture—comprising
mechanical structure, sensor systems, and power systems—
and their software architecture, which governs the robot's
operation and communication.

4.1 | Hardware Architecture
41.1 | Body Mechanical Structure and DOF Analysis

The concept of humanoid robots was introduced to develop a
versatile robot capable of imitating human functionality,
requiring resemblance to human appearance as well as human-
like dynamic and operational abilities. In the design of hu-
manoid robots, the mechanical structure plays a vital role in
determining the robot's versatility and efficiency in replicating
human-like movements. The degrees of freedom (DOF) is a
crucial metric in defining the robot's range of motion and its
ability to perform complex tasks. To achieve the versatility, re-
searchers have designed the mechanical structure of humanoid
robots inspired by the human skeletal system, typically allowing
20-40 degrees of freedom for replicating human movements
[66]. And as shown in Figure 4, hardware architecture of a
humanoid robot includes mechanical structure, sensor and po-
wer system. Due to the limitations of current actuator tech-
nology, material characteristics, and control methods, this
complex electromechanical system requires optimization in
terms of mass distribution and mechanical resonance suppres-
sion rather than a direct replication of human anatomy [67].
This optimization process entails, firstly, reducing the number
of actuators as much as possible to minimize weight and
concentrating mass around the torso—typically near the waist
—to reduce the inertia of the limbs. Secondly, it involves
restricting flexibility at joints and connection points to maintain
control precision, ensuring stable and reliable motion.

4.1.11 | Joint Design. Joints are crucial for humanoid
robot mobility, serving as the primary elements driven by actua-
tors. Rather than installing actuators, such as motors, directly at
the joints, a common approach is to use cascaded reduction gears
or harmonic drives to increase torque, enhancing joint movement
efficiency. In many cases, the actuators are mounted remotely to
drive the joints at a distance, utilizing cables, belts, lead screws, or
various linkage mechanisms such as cranks and four-bar
linkages. Although these mechanisms allow for spatial
separation between the actuator and the joint, they also
introduce non-linearities that make precise control more
challenging. Joints can be categorized based on degrees of
freedom (DOF), including single-degree and multi-degree types;
the latter can be further divided into serial and parallel
configurations to meet specific mechanical needs [68].
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41.1.2 | Upper Limb Mechanical Structure Design.
The upper limb comprises both the arm and the gripper.
Advanced humanoid robots like Unitree G1 [69] and OpenAl
Figure 02 [7] are designed with arms that have seven degrees of
freedom (7-DOFs) to avoid singularities in movement, ensuring
a wider range of motion and flexibility. For grippers, most hu-
manoid robots adopt multi-fingered dexterous hands. When it
comes to dexterous hands mounted on the upper limb,
additional degrees of freedom are introduced, typically
ranging from 6 to 20 degrees of freedom per hand. Due to
constraints such as hand size and load-bearing requirements,
each finger generally has one to two degrees of freedom, with
the actuators integrated within the palm. The fingers are
driven by a four-bar linkage mechanism, allowing the MCP
(Metacarpophalangeal Joint), PIP (Proximal Interphalangeal
Joint), and DIP (Distal Interphalangeal Joint) joints to bend,
simulating human-like finger movements essential for delicate
tasks [70, 71].

4113 | Lower Limb Mechanical Structure Design.
The lower limb structure typically contain six degrees of
freedom (6-DOFs) including both the leg and foot, with the leg
incorporating the hip and knee joints and the foot primarily
involving the ankle joint. Some designs also include active or
passive toes to facilitate jumping and to allow for a larger stride.
The hip joint in a humanoid robot is engineered to bear sub-
stantial loads, handling the high bending moments generated
when the leg swings down for landing. Typically, a series actuator
mechanism enables the hip joint to achieve three degrees of
freedom with a wide range of movement. For the knee joint with
one degrees of freedom, actuators and reducers are usually
positioned near the hip joint on the thigh to optimize mass dis-
tribution, concentrating mass around the waist. These joints are
typically driven using belts, cranks, or linkages. The ankle joint
often employs two parallel actuators to drive a spherical joint,
allowing for two degrees of freedom while keeping the foot's
inertia low to facilitate stable, agile movements [68].

4.1.2 | Sensor System

Sensors are integral to humanoid robots, providing them with
the sensory input necessary for interaction with the environ-
ment. These systems help the robot perceive its surroundings,
detect objects, and respond to external stimuli.

4.1.2.1 | Vision. Vision sensors, as the earliest and most
developed sensor system, provide foundational data for envi-
ronmental perception in humanoid robots. Most of the current
advanced humanoid robots, such as Unitree G1 [69], Boston
Dynamic Atlas [4], Tesla Optimus Gen2 [6], Xiaomi CyberOne
[21] and Figure 02 [7], are equipped with light detection and
ranging (LIDAR), RGB(-D) camera or a combination.

1. RGB(-D) Camera

Common RGB camera provide pictures for computer vision to
extract dense information. Engineered Art Ameca uses two
monocular cameras to form binocular vision [30]. Due to the
absence of Z-axis data, a single monocular camera has limited
depth perception. Consequently, RGB-D cameras are commonly
used in humanoid robots, providing both visual and real-time
depth information. However, the accuracy and measurement
range of RGB-D cameras are limited compared to LIDAR, and
they are easily affected in low-light or strong-light environ-
ments, resulting in inaccuracy.

2. LIDAR

LIDAR provides highly accurate depth data, usually down to the
centimeter level, and is suitable for precise measurements over
long range. In addition, LIDAR is unaffected by ambient light
and can work stably in dark or bright light environments,
making it very reliable in complex environments. However,
LIDAR often generates a huge amount of data, which requires a
high level of computational power to process.
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4.1.2.2 | Haptics. Haptics is another important sense for
humanoid robots to understand complex scenes, for example,
shaded or dimly lit environment. Additionally, the dexterous
hand can be manipulated in a more refined way with haptic
feedback. However, due to the difficulty of integrating and un-
stable signals, tactile sensors are still under research.

1. Flexible Arrayed Sensor

Arrayed sensor is the first tactile sensor to be developed and
applied to humanoid robots. Common arrayed sensors are
piezoelectric, capacitive and resistive. From micro-electro me-
chanics (MEMS) to flexible electronics, they become more
integrable and flexible. Every sensor unit on the base is like a
tactile neuron under skin, which can perceive contact infor-
mation independently. Currently, most dexterous hands with
tactile sensing capabilities are equipped with arrayed sensors,
such as Optimus Gen2.

2. Vision-based Sensor

Vision-based tactile sensor (VBTS) is a recently developed high
spatial resolution and multimodal haptic sensor. These sensors
use a camera to catch the deformation of gel and compute the
haptic information through computer vision approach.
Although VBTs usually has higher resolution and denser tactile
information, it suffers from large size that prevent it from in-
tegrated with dexterous hand. A bunch of miniaturization
studies are proposed recent years, making VBTs the size of a
finger. In the meanwhile, accuracy and topicality are reduced
because of the miniaturization and more complex algorithm.

4.1.2.3 | Audition. Microphone is essential for humanoid
robots to communicate with environment and humans [4]. With
the development of microphone arrays and sound localization
technology, humanoid robots are allowed to accurately identify
and respond to specific voice, even in noisy environment [21]. 2,
4 or 6 microphone arrays are currently the most commonly used
in robots. As the number of microphones increases, localization
and recognition accuracy improve, but at the same time the
computational cost rises substantially. Trade-off should be
considered between accuracy and running in real-time.

4.1.2.4 | Control. In addition to the sensory sensors above,
some other sensors are needed in the basic control of the robot
to realize closed-loop control, and next two kinds of common
sensors will be introduced.

1. Force/Torque Sensor

Force/Torque sensor for humanoid robots is usually made of
strain gauges. According to Tesla AI Day [72], Single-axis sen-
sors measure force or torque along one direction, suitable for
simpler tasks like single DOF joint. Multi-axis sensors can
measure and decouple forces and torques in multiple directions
(typically three axes for force and three for torque), which can
be fitted at the end of the actuator or the ankle joint, where the
force is complex. It is worth mentioning that humanoid robots
that emphasize human interaction as well as performance, force
torque sensors are vital important.

2. Inertial Measurement Unit

Inertial Measurement Unit (IMU) integrates multiple inertial
sensors such as accelerometers, gyroscopes, and sometimes
magnetometers, for measuring linear acceleration, angular ve-
locity, and angular change of an object. IMUs are capable of
accurately sensing the robots’ motion and attitude in three-
dimensional space and are widely used for navigation and
attitude control. On the downside, IMU data can generate cu-
mulative errors over time, and in particular, small errors in
accelerometers and gyroscopes can be superimposed over time,
leading to a gradual loss of accuracy in the system. Therefore,
IMUs usually need to be combined with vision sensors for error
correction.

413 | Power Systems

The power system is crucial for humanoid robots to achieve
precise movement and efficient operation, with its selection and
configuration directly affecting the robot's agility, stability, ac-
curacy, and overall operational efficiency. In the field of hu-
manoid robotics, power systems must not only provide
sufficient driving force to support complex dynamic movements
but also maintain high control precision and responsiveness
across diverse environments. This adaptability is essential to
meet varied task requirements and operational settings.
Currently, common drive methods include servo motors, hy-
draulic systems, and pneumatic systems, each with distinct
advantages in terms of energy consumption, accuracy, response
speed, and suitability for specific applications.

4.1.3.1 | Servo Motors. Servo motors are highly integrated
drive systems widely used in service-oriented humanoid robots [ 7,
69, 73]. They are characterized by high precision, fast response
speed, and excellent control performance, typically serving as
drives for smaller joints and hand components. Through closed-
loop control with real-time feedback from encoders, servo
motors enable highly accurate positioning, often down to the
nanometer level. This makes them ideal for applications
requiring high positional accuracy, such as finger and wrist
joint movements. Their rapid start-stop response times also
make them suitable for highly dynamic scenarios, such as
walking on complex terrains or quick postural adjustments
during interactive environments. However, servo motors exhibit
high energy consumption during high-speed operations and
frequent start-stop cycles, making them less suitable for long-
duration, high-load applications. High-power servo motors tend
to generate significant heat under heavy loads, necessitating
additional cooling mechanisms. Furthermore, the precision and
responsiveness of servo motors contribute to their higher
manufacturing costs, aligning them with applications that can
accommodate a higher budget.

41.3.2 | Hydraulic Systems. Hydraulic systems, which
use fluid pressure to transmit force, are primarily applied in
scenarios requiring high load-bearing capacity and power [74-
76]. In humanoid robots, hydraulic systems are typically used
in joints that demand substantial output force, such as the
lower limbs. These systems can deliver higher output forces
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than servo motors, making them ideal for applications with
significant load-bearing requirements. By adjusting the
pressure and flow of hydraulic fluid, hydraulic systems
achieve precise force control, effectively simulating muscle
tension. Unlike electric drives, hydraulic systems retain
durability under high-load conditions and are relatively
resistant to environmental influences. However, they involve
complex networks of pipes and valves, require regular
maintenance, and are vulnerable to issues such as hydraulic
fluid leakage. The energy conversion efficiency of hydraulic
systems is relatively low, with substantial energy
consumption, especially under continuous high-power output.
Additionally, the noise produced by hydraulic pumps and
pipelines limits their applicability in noise-sensitive
environments. Consequently, hydraulic systems are more
suitable for high-load-bearing components in humanoid
robots, such as the lower limbs. They perform exceptionally
well in tasks demanding substantial power support, including
heavy lifting and climbing. Hydraulic systems are also
advantageous in extreme environments, such as high-
temperature and high-humidity conditions.

4.1.3.3 | Pneumatic System. Pneumatic systems operate
by compressing air within bladders to drive actuators, making
them ideal for medium to low-load applications. Due to their
flexibility and quick response characteristics, pneumatic
systems are widely used in scenarios demanding lightweight
and high flexibility [77-79]. Their structure is relatively
simple, with fewer components, which makes maintenance
easier and enables fast start-stop response times, making them
suitable for applications with frequent activation cycles.
Additionally, pneumatic systems provide excellent flexibility
control, effectively simulating the elasticity and cushioning
effect of muscles, which is beneficial for biomimetic and safe
human-robot interactions. However, precise control of
pressure is challenging in pneumatic systems, resulting in
limited positional accuracy. Compared to hydraulic systems
and servo motors, pneumatic systems offer lower output
power, rendering them unsuitable for high-load applications.
They are also sensitive to environmental factors such as
temperature and humidity, making them more dependent on

specific operating conditions. Consequently, pneumatic
systems are best suited for lightweight and flexible-control
components, such as fingers and arms where gentle contact is
necessary. These systems perform well in clean indoor
environments, making them ideal for educational or display-
oriented lightweight humanoid robots.

4.2 | Software Architecture

As shown in Figure 5, the software architecture of the hu-
manoid robot body is divided into two parts: the operating
system and the communication scheme. The operating system
includes the real-time operating system and the Robot Oper-
ating System (ROS). The operating system is responsible for
event processing, decision analysis, and motion planning for the
entire robot. It receives sensor information through communi-
cation protocols and controls the actuators to enable the robot's
movement.

4.2.1 | Operating System

4.2.11 | Real-Time Operating System. Humanoid robots
require precise, stable, and timely control of motion. They need
to respond to high-frequency sensory input, process events in
real time, and coordinate synchronized motion across multiple
joints, placing a high demand on the system's real-time
control capabilities. Real-time operating systems (RTOS) like
QNX and VxWorks are generally suited to applications with
stringent real-time requirements, where reliability and
precision are paramount. On the other hand, Xenomai and
PREEMPT_RT are open-source, affordable, and more
accessible for early-stage technical validation, making them
suitable choices for preliminary testing phases. These RTOS
platforms provide essential support for handling complex tasks
and maintaining control stability within a humanoid robot's
mechanical system.

4.2.1.2 | Robot Operating System. ROS (Robot Operating
System) is an open-source framework that provides a collection

Operating System
Rl Titie Robot Operating System (ROS)
Operating System —» [/~~~ "7777°7 S ETTTTEE R 5
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FIGURE 5 | Software architecture workflow diagram of a humanoid robot.
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of tools, libraries, and conventions for building robotic
applications. It offers a middleware layer for communication
between robot components and facilitates the development of
complex, modular robotic systems. ROS includes tools for
hardware abstraction, device drivers, message-passing between
nodes, and algorithm libraries for tasks like perception,
motion planning, and control. It supports a wide range of
robots and hardware platforms, making it a popular choice for
both research and industrial applications. Recently, ROS has
evolved into ROS 2, which improves performance, security,
and scalability for modern robotics.

4.2.2 | Communication Scheme

EtherCAT is a high-performance industrial Ethernet protocol
widely used in humanoid robots for its real-time capabilities and
efficiency. In these systems, an EtherCAT master-slave scheme
enables real-time data transmission between the controller
(master) and multiple servo drives and sensors (slaves). The
master sends a continuous data frame through the network,
with each slave extracting relevant data and adding its feedback.
This low-latency scheme achieves microsecond-level refresh
rates, ideal for complex motion control. EtherCAT also supports
Distributed Clocks for synchronized, coordinated movements
and offers strong scalability, allowing hundreds of connected
devices, which enhances response speed and stability in hu-
manoid robot control systems.

5 | Key Technologies for Humanoid Robots

Humanoid robots, as complex systems designed to emulate
human capabilities, rely on a variety of key technologies to
enable them to operate autonomously and interact effectively
with their environment. These technologies span multiple do-
mains, from locomotion control to autonomous navigation,
environmental perception, and intelligent manipulation. Each

Multi-camera Measurements

of these areas presents its own set of challenges and innovations,
which contribute to the robot's overall functionality and versa-
tility. In this section, we explore the fundamental technologies
that empower humanoid robots to perceive, navigate, move and
manipulate their surroundings with human-like efficiency.

5.1 | Environmental Perception

In addition to movement, the ability to perceive and understand
the surrounding environment is vital for humanoid robots.
Perception algorithms are designed to model and understand a
robot's own state and its surrounding environment using signals
from various onboard sensors. These algorithms can be cate-
gorized into internal state estimation [80] and external envi-
ronment perception [81, 82]. The former includes pose
estimation and robust localization, while the latter involves
object recognition and map building. As illustrated in Figure 6,
the vision-based humanoid robot perception system takes im-
ages from (multi-view) cameras as input, which undergoes
preprocessing through a data association module. Subsequently,
the system proceeds to state estimation, localization, and oc-
cupancy map construction. The data association module can be
divided into short-term data association and long-term data
association, with the latter referring to the problem of place
recognition. Short-term data association is primarily employed
to establish odometry constraints, facilitating the robot's short-
term state estimation, while place recognition serves to
enhance further localization algorithms.

In recent years, with the rapid advancements in deep learning
and computer vision, lightweight and low-power visual sensors
have emerged as the dominant technology for humanoid robots
to achieve intelligent perception and autonomous navigation
across their entire lifecycle. As a result, model-based robotic
perception algorithms are progressively evolving toward
learning-based approaches. This section offers a concise review of
the key algorithms in state estimation, robust localization, and 3D

Occupancy Prediction

e | Static ! :' Dynamic !
' Scemes 1 ! Scenes i
Data Association State Estimation
long-term short-term FOSSoooooso W e N S
t  Bundle | Kalman + 1 Deep Neural
- ) ! Adjustment i ; Filter ! ! Network !
Place Recognition Feature Tracking SooTmmmees TTTTTTTTT Smmmmommeees -
R o pEesescsc S [memse- o peeeseeas S Localization
. Global i . Local ! 1 Hand- | . Learning O
' Feature ! ! Feature ! t crafted ! ' -based ! " 9p3D ! [ opop Y Depth E
~mmeeee- RPN . ~mmnle- A e . . Lst PoP | | by oD
! Matches 1 | ' Matches « | -aided !

FIGURE 6 | The environment perception system of humanoid robot.
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occupancy prediction, highlighting mainstream methods, devel-
opment trends, and the associated research challenges.

5.1.1 | State Estimation

High-precision, low-latency pose estimation is foundational for
achieving functions such as autonomous navigation and
human-robot interaction [83, 84]. It is also essential for robust
control on platforms with high degrees of freedom and strong
nonlinear dynamics. To attain centimeter-level localization ac-
curacy and sub-millisecond latency (i.e., a pose output fre-
quency above 1 kHz), pose estimation modules typically
integrate observations from various complementary sensors,
including multi-camera vision [85, 86], inertial measurement
units (IMUs) [85, 87, 88], and legged odometry [89]. These
measurements are combined to form a maximum a posteriori
(MAP) estimation problem regarding the robot's pose [90],
which is then solved using Gaussian inference, extended Kal-
man filtering, pose graph optimization, and deep learning
methods [80]. The solution process of the MAP estimation
problem is typically referred to as the “back-end” of the pose
estimation algorithm, while the modeling of sensor observations
and data association is called the “front-end.”

5.1.1.1 | Visual Front-End. Pose estimation front-ends
based on vision can be divided into direct and indirect methods.
Direct methods perform data association by matching images
with a dense map in 2D-3D correspondences, optimizing for
minimum photometric error at each pixel [91]. Indirect
methods achieve data association by matching feature
descriptors between image frames in 2D-2D correspondences,
aiming to minimize the reprojection error of sparse map points
[87, 88, 92]. Although indirect methods add steps for feature
extraction and feature matching, they generally offer higher
pose estimation accuracy and are more robust to changes in
lighting conditions, making them the mainstream approach for
visual pose estimation [90, 93].

5.1.1.2 | Back-End. The MAP estimation problem in the
back-end of pose estimation algorithms can be approached using
either filter-based methods, such as the extended Kalman filter
(EKF) and its variants [88, 94, 95], or optimization-based
methods [87, 91, 92], such as pose graph optimization [96] and
bundle adjustment [97-99]. Depending on the MAP problem
formulation, approaches that integrate observations from
multiple sensors into a unified MAP estimation problem are
termed “tightly-coupled” methods [87, 88, 92]. In contrast,
“loosely-coupled” methods separately solve the MAP estimation
problems for each sensor's observations, then fuse the results
[100, 101]. Tightly-coupled methods better handle system noise,
thus achieving higher pose estimation accuracy. However, since
they jointly solve the robot's pose using all sensor signals, the
failure of any single sensor can lead to a system breakdown. In
comparison, loosely-coupled methods, by independently
estimating pose for each sensor, may slightly sacrifice accuracy
but are more robust to individual sensor failures [90, 93].

Lifelong navigation is a key objective for achieving embodied
intelligence, which places higher demands and new challenges

on pose estimation. At the same time, rapid advancements in
artificial intelligence are invigorating pose estimation research.
Traditional issues in robust visual feature extraction and feature
matching under varying lighting conditions are now being
addressed through deep learning methods, such as feature
extraction using SuperPoint [102] and feature matching with
SuperGlue [103] and LightGlue [104], which serve as front-ends
in robot pose estimation algorithms [105-108]. Additionally,
integrating deep learning into back-end information fusion
holds the potential for continuous online optimization of robot
pose estimation algorithms, enabling lifelong training and
improvement [109].

5.1.2 | Robust Localization

The visual localization problem in robotics refers to estimating
the robot's position and orientation within a pre-existing map by
matching the robot's visual observations with the map infor-
mation. The prior map is typically constructed through tech-
niques such as Simultaneous Localization and Mapping (SLAM)
or Bundle Adjustment (BA). Visual localization algorithms are
commonly used to solve issues such as the robot's kidnapping
problem, long-term data association in SLAM, and to provide
pose priors and fault recovery for the robot's pose estimation
algorithm. These algorithms are one of the key technologies for
achieving autonomous navigation throughout the robot's entire
lifecycle. Common visual localization algorithms use historical
observation frames with known poses (geo-tagged frames) and a
large number of visual landmarks to represent the map. The
localization process is typically divided into two steps:

1. Place Recognition: Match the current observation frame
with historical frames to find the most similar reference
frame, achieving place recognition.

2. Pose Estimation: Use methods like Perspective-n-Point
(PnP) or multi-view geometry to solve for the relative
pose between the current frame and the reference frame,
thereby estimating the pose of the current frame.

Due to the complexity and variability of real-world environ-
ments, the main challenges for visual localization algorithms
are typically encountered during the place recognition stage:

1. Visual Appearance Variations: Under the influence of
environmental factors such as weather, lighting, and sea-
sons, images captured from the same location and angle
can differ significantly from historical reference frames,
leading to mismatches.

2. Viewpoint Changes: Since cameras used in visual locali-
zation are typically not omnidirectional, images captured
from different viewpoints of the same location can exhibit
large differences, causing place recognition failure.

3. Perception Aliasing: In environments with similar scenes
or repetitive textures, erroneous matches are likely to
occur.

4. Scalability: Real-world environments are vast and boun-
daryless, while computational resources are typically
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limited. Achieving efficient and robust localization in
large-scale environments remains a challenging task.

To achieve robust place recognition, existing algorithms repre-
sent images as vectors or matrices, using cosine distances be-
tween image descriptors to measure image similarity. Early
global feature representation methods, such as Gist [110], VLAD
[111], BoW [112], ASMK [113], and HOG [114], used manually
designed feature extraction methods. With the rapid develop-
ment of deep learning, deep learning-based global feature
extraction algorithms have gradually replaced traditional
methods, offering more robust place recognition performance.
Examples include NetVLAD [115], TransVPR [116], MixVPR
[117], and AnyLoc [118].

5.1.3 | 3D Occupancy Prediction

3D scene understanding is a challenging yet highly significant
task, with the primary problem being how to effectively inter-
pret 3D scenes. Since Tesla introduced Occupancy Networks at
the 2022 CVPR Workshop on Autonomous Driving, occupancy
prediction has gained widespread attention. The task of se-
mantic occupancy prediction can be traced back to semantic
scene completion, which primarily focuses on static scenes. In
contrast, semantic occupancy prediction is not limited to static
scenes and has potential to predict to motion of objects within
the scene. 3D occupancy prediction outputs voxel-wise status
and semantic labels for more comprehensive understandings of
3D scenes, which is crucial for robots to make efficient decisions
and path planning in constantly changing environments.

The pioneering MonoScene [119] utilized a monocular camera
as input for scene completion, which has driven the develop-
ment of a series of vision-based occupancy perception algo-
rithms. VoxFormer [120], on the other hand, utilized a two-
stage Transformer architecture to achieve temporal single-
view voxel prediction. VoxFormer outperforms MonoScene
with a large gap. However, it relys on an offline depth estima-
tion process, which means it is not yet suitable for practical
deployment.

TPVFormer [121] proposed a tri-perspective view (TPV) repre-
sentation which accompanies BEV with two additional
perpendicular planes and expanded occupancy prediction from
multi-view images. It utilized a cross-attention mechanism to
extract TPV (Tri-View Point) features from image features and
employed a cross-view hybrid attention mechanism to enable
queries to exchange their information across different views.
Under the task of 3D semantic occupancy prediction, the model
was trained using sparse semantic labels (LiDAR points).
However, as no benchmark was provided before this work,
TPVFormer only performed a qualitative analysis. Besides, the
qualitative results showed noticeable holes, indicating that it is
not yet suitable for practical deployment.

With the continuous advancement of 3D occupancy prediction,
researchers have realized the im-portance of constructing
benchmarks. X. Wang et al. [122] extended the large-scale
nuScenes dataset with dense semantic occupancy annotations,

which is the first surrounding semantic occupancy perception
benchmark. Unlike SemanticKITTI [123], which has a relatively
small scale and limited diversity, nuScenes offers a larger, more
diverse dataset and evaluates surrounding perception, making it
more suitable for developing and testing occupancy perception
algorithms for safe driving. During the process, an Augmenting
And Purifying (AAP) pipeline was introduced to efficiently
annotate and densify the occupancy labels. However, it is worth
noting that the manual annotation process requires approxi-
mately 4000 human hours, making it quite costly.

Another similar work SurroundOcc [124], also builds a bench-
mark for semantic occupancy prediction based on the nuScenes
dataset. Unlike OpenOccupancy, SurroundOcc generated
ground truth without manual annotations. It used Poisson
reconstruction to densify the point clouds aggregated from
multiple frames and employed a nearest-neighbor algorithm to
densify the point cloud labels, resulting in a dense occupancy
ground truth. However, there are still noticeable holes in the
results.

Occ3D [125] developed a label generation pipeline that pro-
duces dense, visibility-aware labels for any given scene. It
proposed a pipeline called image-guided voxel refinement to
improve the shape at object boundaries and generated two 3D
occupancy prediction datasets, Occ3D-nuScenes and Occ3D-
Waymo. After the establishment of benchmarks, the study
of 3D occupancy prediction has entered a new phase of
development. However, the scenarios of real world are much
more complicated than those in the occupancy benchmarks
based on autonomous driving datasets. In practical applica-
tions, we inevitably face the challenges of data collection and
annotation, which brings the issue of expensive 3D annotation
costs. In contrast to 3D annotations, 2D annotations are more
cost-effective, efficient, and scalable. As a result, some re-
searchers focus on training models using 2D supervision.
RenderOcc [126] extracts a NeRF representation from multi-
view images, obtains 2D renderings using volume rendering
techniques, and then uses 2D semantic labels and depthmaps
for supervision. OccNeRF [127] proposes a self-supervised
multi-camera occupancy prediction method that reconstructs
2D images from 3D representations using volume rendering,
specifically guiding the model to recover the 3D structure of
the scene through photometric losses between adjacent frame
images. Similar self-supervised approaches can be seen in
works [128, 129].

Inference speed is another essential factor that cannot be
ignored. Some researchers have attempted to explore ways to
accelerate the inference process by optimizing the architecture
of network. GaussianOcc [130] replaces volume rendering with
Gaussian splatting, achieving more accurate and efficient
rendering from occupancy voxels to depth maps. FastOcc [131]
compresses 3D voxel features into 2D BEV (Bird's Eye View)
features, compensates for missing z-axis information by inter-
polating voxel features derived from images, and replaced the
time-consuming 3D convolution network with a novel residual-
like architecture. This approach achieves an inference delay of
221 ms and demonstrates strong performance on the Occ3D-
nuScenes dataset.

15 of 35

85U80|7 SUOWILIOD 8A1Ie81D) 3|edl|dde aus Aq peusenob 8 e Ssppiie YO ‘SN JO Sa|nJ oy ArIq1T 8UIIUO /8|1 U (SUOTIPUOD-pLIE-SLLIBIALI0D" A8 1M Afe1q1[BUI|UO//SANY) SUORIPUOD Pue SWis | 841 88S *[9202/20/9T] uo AigiTauliuo A1 * Aisieaun Buelbyz - Bueix nAbuid Aq 800ZT ZAWs/200T OT/I0p/LLI0d" A8 1M Afelq1jeutjuo//Sdny Woiy papeo|umoq ‘T ‘G20z ‘T68T8662



Finally, understanding the trends in the surrounding environ-
ment's changes is a crucial aspect for robots to safely and reli-
ably perform downstream tasks. The aforementioned works are
mostly limited to representing the current 3D space and do not
consider the future state of surrounding objects along the time
axis. Simply stacking the output results can lead to ghosting
effects caused by dynamic obstacles. Cam4DOcc [132] builds a
4D occupancy prediction benchmark based on image inputs,
using the motion state of voxels represented as a flow on the
nuScenes, nuScenes-Occupancy, and Lyft-Level5 datasets,
pushing the development of occupancy prediction tasks. Similar
works include [133, 134].

Itis worth noting that most research on occupancy prediction has
been conducted using autonomous driving datasets. However,
the motion environment of humanoid robots is much more
complex than that of autonomous vehicles. The height of hu-
manoid robots can vary significantly during movement, which
requires higher demands on the real-time performance, accuracy,
and robustness of perception models. Furthermore, the task goals
of humanoid robots are usually more complex, involving a wide
range of uncertain objects. The robot needs not only to recognize
these objects but also to interact with and manipulate them.
Existing research mainly focuses on the semantic labels of
occupied areas and does not explicitly distinguish the occupancy
boundaries between different instances, which to some extent
affects the accuracy and efficiency of downstream tasks.

5.2 | Autonomous Navigation

Navigation of mobile robots is one of the core problems in the
field of robotics, which has been extensively researched and
applied. Unlike the traditional navigation frameworks for
wheeled robots, mainstream navigation planning frameworks
for humanoid robots generally consist of three parts: global
planning, local planning, and footstep planning, which together
enable multi-level motion planning.

Global planning is responsible for solving feasible paths based
on the environmental descriptions provided by different map
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representations, providing directional guidance for local plan-
ning. Local planning handles obstacle avoidance and trajectory
tracking in the local environment, while footstep planning ul-
timately determines suitable footholds to guide the robot in
following the commanded velocity.

This section introduces the current research status of global
planning, local planning, and footstep planning, respectively,
highlighting the research progress and development trends in
the field of mobile robot navigation planning, as shown in
Figure 7.

5.2.1 | Global Planning

Traditional global path planning algorithms primarily focus on
position targets in static environments, relying on pre-built
maps and using graph search (e.g., A* [135]) or sampling-
based methods (e.g., RRT* [136]) to generate collision-free
paths. While effective in such settings, these methods are less
applicable to unknown environments due to the lack of com-
plete mapping [137-140]. Researchers have proposed using
SLAM for real-time mapping with re-planning, but SLAM's
complexity and resource demands limit flexible deployment.

Actually, in new environments, full coverage mapping is un-
necessary; instead, focus on key areas near the target and along
critical paths is more efficient [141, 142]. Effective planning in
unknown environments involves two main aspects: environ-
mental representation and decision-making frameworks. Envi-
ronmental representation, through dense maps, topological
maps, or scene graphs, provides foundational information,
while decision-making uses this to select suitable path planning
strategies. These two components work together to achieve
navigation objectives.

While human navigation, unlike traditional planning, is based on
partial perceptions, sparse memory, and target awareness, lead-
ing to more adaptive behavior. Inspired by this, sparse topological
maps have been used to replace dense maps, reducing computa-
tional costs while retaining essential information [143-145].
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FIGURE 7 | The autonomous navigation framework of humanoid robots.
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Those methods also improve generalization and adaptability us-
ing fewer nodes and edges [146-148]. Recent research has also
incorporated deep learning to better understand topological
maps, enhancing their utility in complex environments
[149-151].

Recently, the need for multimodal navigation has driven robots
to use visual and linguistic cues. Compared to traditional nav-
igation, those navigation tasks involve interpreting multiple
modality information, which poses additional challenges. Early
methods used dense maps but were vulnerable to sensor noise
[152-154]. Deep learning has improved robustness and perfor-
mance [155, 156], and topological maps have shown promise
due to scalability [157, 158], though integration challenges
remain. Hierarchical planning using sub-goals has improved
adaptability but struggles with generalization [159]. A combined
approach of traditional planning and deep learning could
leverage the strengths of both, enhancing navigation in un-
known environments. Overall, multimodal navigation is in its
early stages, with significant research potential, especially with
the integration of foundation models.

5.2.2 | Local Planning

Rule-based local planning algorithms use modular design to
handle dynamic obstacle avoidance. Traditionally, these
methods employ sensors and dynamic analysis to assess the
environment and generate safe paths. The process involves
decomposing dynamic obstacle avoidance into static sub-
problems through modules like obstacle detection and
tracking, trajectory prediction, and path planning. Detection
and tracking modules use handcrafted features or deep learning
to identify dynamic obstacles, while prediction modules forecast
future positions based on obstacles’ historical trajectories and
distributions. Models such as RVO (Reciprocal Velocity Obsta-
cles) [160] and ORCA [161] take inter-obstacle interactions into
account to optimize avoidance paths. Rule-based planning is
computationally efficient and interpretable but limited in
adaptability for complex environments and sensitive to the ac-
curacy of detection and prediction modules, resulting in insta-
bility in highly dynamic settings [162].

Supervised learning-based local planning, on the other hand,
learns from expert demonstration data through an end-to-end
network architecture, achieving good performance in dynamic
obstacle detection and path planning. NVIDIA [163] applied
supervised learning in autonomous driving, using cameras to
directly output control commands, which avoids complex multi-
module designs and improves system efficiency. Other studies
have enhanced environmental understanding by adding mod-
ules for depth information and semantic inference, increasing
network transferability and interpretability [164, 165]. This
method depends heavily on the distribution of the dataset,
limiting its adaptability in new scenarios, where data diversity
and annotation quality greatly affect performance.

Reinforcement learning-based local planning learns strategies
through trial and error in the environment, commonly using
model-free and model-based reinforcement learning methods.

Model-free reinforcement learning, like the value function
network proposed by Y. F. Chen et al. optimizes robot motion by
assessing the safety and comfort of obstacle interactions [166].
And some detection-free methods directly utilize sensor data to
achieve mapless navigation [167]. Model-based reinforcement
learning accelerates strategy training by establishing a world
transition model, especially useful for tasks that demand high
sampling efficiency [168]. However, reinforcement learning
methods tend to lack interpretability and safety guarantee,
prompting recent research to improve safety through methods
like Control Barrier Functions (CBF) [169], which support real-
world deployment.

Each of these three approaches has distinct advantages: rule-
based methods are highly interpretable and suitable for rela-
tively simple dynamic environments; supervised learning can
quickly learn expert strategies but relies on high-quality data-
sets; and reinforcement learning offers flexibility and adapt-
ability, though safety and interpretability require further
enhancement.

5.2.3 | Foothold Planning

The selection of footholds is pivotal for enhancing robot
mobility across diverse terrains. Overall, this task is a precise
control challenge aimed at bolstering the robustness of robots
on various types of terrain. Heuristic methods are highly
effective on flat surfaces [170]. For more complex terrains, such
as stairs and stepping stones, some other strategies use heuristic
formulas to select the nearest terrain segment [171]. However,
these strategies often neglect the critical interaction between the
robot's four legs and its Center of Mass (COM). To address this,
optimization-based approaches have grown more popular than
heuristic and sampling methods. This trend is due to their
ability to identify optimal solutions based on specific criteria,
rather than focusing solely on feasibility [172]. For instance,
some researchers describe a foothold generation method
involving batch searches on grid maps [173, 174]. Moreover,
researchers enhance foothold optimization by treating footholds
as continuous variables within the trajectory optimization pro-
cess, leveraging gradient-based methods [175].

With the recent development of large-scale parallel reinforce-
ment learning environments, researchers have integrated the
precise trajectories generated from optimization-based methods
with robust control strategies from learning-based methods
[176]. This integration has enabled quadrupedal locomotion on
outdoor terrains, significantly improving the off-road perfor-
mance of legged robots.

5.3 | Locomotion Control

Locomotion control is a cornerstone of humanoid robotics, as it
enables robots to navigate complex environments using their
limbs. Unlike wheeled robots, humanoid robots face the addi-
tional challenge of maintaining balance while walking, running,
or navigating uneven terrain. Achieving stable and efficient
locomotion requires integrating multiple control strategies,
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considering the robot's dynamic balance, kinematics, and
interaction with the environment. The field of locomotion
control for humanoid robots can be divided into model-based
methods and data-driven approaches, each offering distinct
advantages and addressing different aspects of the control
problem.

Model-based methods, grounded in classical control theory, rely
on a detailed mathematical representation of the robot's dy-
namics to compute motion commands. These methods are
particularly advantageous in environments where precise con-
trol is needed, but they require a high level of accuracy in the
system's model. Alternatively, learning-based approaches seek
to overcome the limitations of model-based control by enabling
robots to adapt to varying conditions through experience.

5.3.1 | Model-Based Methods

The main part of model-based locomotion control method is
balance controller, as illustrated in Figure 8. The Balance
Controller receives the state of the robot and the commands of
users to control the balance of robot. And the Motor Controller
transfer the balance controller's outputs actions into position or
torque to control the robot.

Early research results mainly started from model-based ap-
proaches, studying the stability criteria and planning control
methods grounded in kinematic and dynamic modeling. Sta-
bility criteria, such as the zero moment point (ZMP), center of
pressure (CoP), and capture point (Capture Point), have been
widely adopted in humanoid robot control. Kajita et al. [177]
developed a widely recognized ZMP-based control framework
that has become foundational in achieving balance for bipedal
robots under dynamic conditions. Furthermore, Pratt et al. [178]
introduced the capture point concept to predict a robot's balance
recovery ability, a crucial advancement in real-time stability

User Commands

control. Dariush et al. [179] presented an online task-space
control retargeting formulation that satisfies balance and kine-
matic constraints with a ZMP controller to maintain balance
under changing task requirements.

Center of mass (CoM) motion planning methods and preview
control techniques have been widely studied as stability criteria-
based approaches for humanoid robots. Yamane et al. [180]
proposed a balance controller based on a simplified robot model
combined with an optimization process to compute joint tor-
ques, enabling a force-controlled robot to maintain balance
while tracking a given trajectory without contact switching.

Another effective method for achieving stable bipedal locomo-
tion is the hybrid zero dynamics (HZD) approach. By leveraging
zero dynamic characteristics, this approach maintains closed-
loop stability along the zero dynamics manifold, facilitating
robust and natural gait patterns. As initially proposed by
Westervelt et al. [181], and later expanded by Ames et al. [182]
and Grizzle et al. [183], HZD has proven effective for various
walking conditions, providing closed-loop control for more
complex bipedal walking models.

In addition, decoupling walking control into separate
components—such as attitude control, speed control, and foot-
hold control—and managing these via virtual models is a
common practice in humanoid control. Model predictive control
(MPC) has emerged as a widely adopted approach in this area
due to its robustness and adaptability. Romualdi et al. [184]
proposed an online centroidal MPC to adjust foot placement,
achieving improved robustness and precise trajectory tracking.
Similarly, Dai et al. [185] developed a whole-body MPC frame-
work that enhances dynamic stability over rough terrains by
enabling simultaneous foot placement and posture control. Di
Carlo et al. [186] further demonstrated MPC's adaptability in
challenging environments, enabling precise foot placement and
balance maintenance even on uneven surfaces.

Balance Controller

Target
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FIGURE 8 | The framework of model-based locomotion method.
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While each of these approaches offers unique advantages, such
as high interpretability, they also have limitations. Primarily,
these methods depend heavily on accurate modeling and
manual parameter tuning, which complicates optimization in
multi-rigid body planning and control.

5.3.2 | Learning-Based Methods

Unlike traditional model-based methods that rely on explicit
mathematical models of the robot's dynamics, learning-based
approaches leverage data-driven techniques to enable robots to
learn locomotion strategies from experience. Learning-based
methods are particularly advantageous in environments where
traditional models may struggle to capture the complexities of
interaction with unstructured or unpredictable terrains. The RL
policy receives the state of the robot from observation and
proprioception of the robot's sensors and the reference trajectory
to control the action of the robot. The reference trajectories are
given by motion retargeting, navigation or motion planning and
generation. Domain Randomization added in training process
helps building robust RL policy for sim-to-real deployment. RL
policy outputs actions and a PD controller transfer them into the
torque to control the robot.

Motion retargeting is a technique that facilitates the transfer of
motion data from a source character to a target character. In the
realm of animation, motion retargeting is typically achieved
through optimization-based methods [187-192] and learning-
based methods [192-197]. The learning-based approaches tend
to yield more efficient results, particularly in enabling motion
transfer across various skeletal structures [195]. In the context of
humanoid motion retargeting, Holden et al. [196] employ
shared latent variable models to adapt motions between
different humanoid figures. Jang et al. [197] introduce a self-
supervised shared latent embedding technique that generates
humanoid motions from human motion capture (MoCap) data
or video sources. Delhaisse et al. [198] utilize a wearable device
to capture human movement, implementing an inverse kine-
matics (IK) control scheme combined with a quadratic pro-
gramming (QP) optimization solver for motion retargeting.
Additionally, Choi et al. [199] reconstruct human motion while
adhering to the physical constraints dictated by humanoid dy-
namics and provide a precise morphing function for accom-
modating various human body dimensions.

Before implementing reinforcement learning (RL)-based con-
trollers in real-world humanoid robots, RL techniques have
often been applied in the realm of physics-based animation
control [201-211]. However, humanoid avatars typically possess
a high degree of freedom, with few constraints on joint posi-
tions, torques, and sometimes additional auxiliary forces [212].
In contrast, realistic humanoids are governed by complex dy-
namic models, making it challenging to obtain privileged states,
such as base velocity and height, from onboard sensors [213].
This disparity hinders the direct transfer of RL models designed
for animated characters to physical humanoid robots. Z. Li et al.
[214] introduced an end-to-end RL approach that incorporates
task randomization to develop a robust dynamic locomotion
controller for bipedal robots. Radosavovic et al. [215] created a

causal Transformer that is, trained using autoregressive pre-
diction of future actions based on a history of observations and
actions to facilitate locomotion in full-sized humanoids. Addi-
tionally, Cheng et al. [213] employed stair-like terrain
randomization to design an RL controller specifically for hu-
manoids navigating stair-like environments.

After RL controllers being widely used in humanoid control, re-
searchers have begun to focus on the application of reinforcement
learning in action imitation. T. He et al. [216] utilized a privileged
policy to select an executable motion dataset, which aids in
training a robust RL policy suitable for sim-to-real deployment.
Fuetal. [217] developed a task-agnostic low-level policy designed
to track retargeted humanoid poses. These approaches have
collectively advanced the capabilities of whole-body teleoperation
for humanoids. By leveraging privileged information and effective
policy training, they have enhanced the performance and versa-
tility of humanoid robots in various operational contexts.

54 | Intelligent Manipulation

Intelligent manipulation is one of the key capabilities that dis-
tinguishes humanoid robots from simpler robotic systems. It in-
volves the ability to interact with, manipulate, and modify objects
within the environment in a human-like manner. Achieving
intelligent manipulation requires an intricate integration of task
planning, perception, and motor control. Unlike traditional ro-
botic manipulation, which may rely on predefined actions,
intelligent manipulation demands adaptability, flexibility, and
the ability to respond dynamically to environmental changes.

The process of intelligent manipulation can be broken down
into two main areas: task planning and skill learning. Task
planning enables the robot to determine the sequence of actions
needed to achieve specific objectives, while skill learning allows
the robot to improve its performance through experience and
practice. Together, these components enable humanoid robots
to autonomously perform complex tasks, from simple object
grasping to sophisticated assembly operations.

This section introduces the core technologies behind intelligent
manipulation, exploring the strategies used for task planning,
including symbolic reasoning, large language models, and
closed-loop task planning. It also delves into skill learning
techniques that allow robots to learn both single and multi-task
manipulation skills, as well as long-horizon tasks requiring
extended sequences of actions. The overview list of intelligent
manipulation method is illustrated in Figure 9.

5.4.1 | Task Planning for Robotic Manipulation

Task planning for robotic manipulation is the process by which
robots determine the sequence of actions needed to achieve a
desired outcome. This process is essential for enabling robots to
perform high-level tasks that require multi-step reasoning and
execution. Effective task planning must not only account for
the robot's physical capabilities but also the constraints of
the environment and the properties of the objects being
manipulated.
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FIGURE 9 | The overview list of intelligent manipulation method.
TABLE 3 | Comparison of different task plan generation methods.
Method name Year Method type Function
HTN with geometric 2018 Hierarchical TAMP Dual-arm manipulation with complex geometric
feasibility [218] constraints
IDTMP [219] 2016 Constraint-driven TAMP Incremental action feasibility checking in task planning
FFRob [220] 2018 Sampling-driven TAMP Efficient task and motion planning with probabilistic
completeness
Co-optimized TAMP [221] 2016 Optimization-based TAMP Multi-layer optimization to minimize task costs in robotic
operations
Say can [222] 2023  Large language model (LLM) Long-horizon task planning using real-world grounded
semantic knowledge
ProgPrompt [223] 2023 Programmatic LLM prompt Generates feasible task plans by combining context, robot
capabilities, and task specs
HuggingGPT [224] 2023 LLM task controller Cross-modal task planning and coordination of AI models
ReAct [225] 2022 LLM reasoning + action Enhanced task tracking and plan updating through
generation interaction with external resources
Inner monologue [226] 2022 Closed-loop LLM Task planning with feedback for improved decision-
making in various scenarios
Reflexion [227] 2023 Closed-loop LLM with memory  Self-reflection using linguistic feedback for goal-driven
task planning
REFLECT [228] 2023  Closed-loop LLM with multi- Failure explanation and correction in task completion

sensory feedback

In the context of humanoid robots, task planning becomes
increasingly complex due to the need to reason about physical
interactions with the environment and coordinate multiple de-
grees of freedom. Recent advancements in task planning for
robotic manipulation include symbolic reasoning, the use of
large language models, and closed-loop planning systems, each
offering unique advantages in terms of flexibility, adaptability,
and real-time performance. The comparison of different task
plan generation methods is shown in Table 3.

5.4.11 | Symbolic Reasoning-Based Task Planning. A
prevailing trend in symbolic task planning is the use of hierar-
chical planning to address complex problems or to integrate it
with geometric motion planning, commonly known as Task and
Motion Planning (TAMP) [229]. Within hierarchical TAMP
approaches, Sudrez-Herndndez et al. [218] introduced a

framework that integrates hierarchical task networks (HTN)
with geometric feasibility checks for complex geometric con-
straints in dual-arm operations, iteratively decomposing
compound tasks until a feasible solution is found. In
constraint-driven TAMP, Dantam et al. [219] proposed
IDTMP, a method that leverages SAT solvers to dynamically
execute action feasibility checks within task planning,
incrementally incorporating geometric constraint information
to enhance scalability and planning efficiency. In sampling-
driven TAMP methods, Garrett et al. [220] developed the
FFRob  algorithm, which utilizes Extended Action
Specification (EAS) to combine geometric and kinematic
constraints, thereby increasing planning efficiency and
probabilistic completeness. They also introduced PDDLStream
as an open-source TAMP framework, facilitating sampling
generation in PDDL language. Lastly, in optimization-based
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TAMP, C. Zhang and Shah [221] proposed a hierarchical
optimization approach that uses multi-layer optimization and
heuristic algorithms to solve large-scale robotic operations by
explicitly modeling task transition costs and minimizing
planning costs.

54.1.2 | Large Language Model-Enabled Task Plan-
ning. The advent of large language models (LLMs) has led to
significant advancements in task planning, with LLMs demon-
strating notable intelligence in reasoning, tool use, planning, and
instruction following. Ahn et al. [222] utilized pre-trained skills to
ground LLMs in real-world contexts, enabling them to
incorporate semantic knowledge and environmental constraints
to guide robots through complex, long-horizon tasks. Singh
et al. [223] proposed a programmatic LLM prompting structure
that combines contextual environment, robot capabilities, and
task specifications, enabling LLMs to generate feasible action
sequences in task planning. Shen et al. [224] utilized LLMs as
task controllers, using language interfaces to handle task
planning, model selection, and result synthesis, integrating
diverse AI models from the Hugging Face platform to
collaboratively solve cross-modal and cross-domain tasks. A key
component of their HuggingGPT approach involves an initial
task decomposition, where the LLM explicitly breaks down a
given task into subtasks and defines dependencies among them.
Additionally, Yao et al. [225] combined LLM reasoning traces
with task-specific action generation, enabling the reasoning
component to help the model track and update task plans
effectively while interacting with external resources, such as
knowledge bases, for supplementary information.

5.4.1.3 | Closed-Loop Task Planning and Self-Corre-
ction. Recent studies have further demonstrated the potential
of LLMs in closed-loop task planning and self-reflection/self-
correction based on environmental feedback. W. Huang et al.
[226] proposed an intrinsic reasoning mechanism based on
feedback, where LLMs use feedback signals—such as success
detection, scene description, and human interaction—to
enhance their reasoning and planning abilities, significantly
improving high-level task completion across varied scenarios.
Shinn et al. [227] introduced the Reflexion framework, where
LLMs engage in linguistic reflection on task feedback signals
and store these reflections in an episodic memory buffer,
thereby improving decision-making in subsequent trials and
reinforcing LLMs' performance in goal-driven task planning.
Similarly, Z. Liu et al. [228] proposed the REFLECT framework,
which generates hierarchical summaries from multi-sensory
observations to query LLMs for failure reasoning, utilizing a
language-based planner to correct failures and enhance task
completion rates.

5.4.2 | SKkill Learning for Robotic Manipulation

Skill learning for robotic manipulation involves training robots
to acquire and refine the motor skills necessary for performing
tasks. Rather than relying on pre-programmed sequences of
actions, skill learning allows robots to adapt and improve
through experience. This capability is essential for enabling

robots to perform a wide variety of tasks in unstructured envi-
ronments, where traditional programming may be insufficient.

Skill learning is typically divided into two primary categories:
single-task skill learning and multi-task skill learning. While
single-task learning focuses on mastering specific actions, multi-
task learning allows robots to generalize across a range of tasks,
improving their ability to handle novel situations.

5.4.2.1 | Single-Task Skill Learning. The single skill
learning of humanoid robots is a widely studied topic. Dexterous
hand manipulation and dual-arm coordinated operations are
crucial components of this area. Traditionally, these skills
were programmed using rule-based systems and expert
knowledge, which required extensive manual tuning and were
often inflexible to environmental changes. However, recent
advances have shifted toward learning-based methods,
particularly deep learning and reinforcement learning, to
improve the adaptability and robustness of these skills. The
comparison of different single skill learning approaches is
shown in Table 4.

For in-hand manipulation with dexterous hands, OpenAl et al.
[230, 231] learned a controller to reorient a block or a Rubik's
cube, but it requires accurate acquisition of the object's state
information. Qi et al. [232, 233] respectively designed learning
models based on motor fast adaptation and vision-based tactile
sensors. These models infer features of the expert policy for
policy learning. T. Chen, Xu, et al. [234] developed a model for
dexterous hand object reorientation using teacher-student
learning and an end-to-end vision model. In the recent work
by T. Chen, Tippur, et al. [235], they developed a general object
reorientation controller to dynamically reorient over 150
different objects in real-time.

For dexterous hand grasping, some works [236, 237] have
leveraged analytical methods to model the kinematics and dy-
namics of both hands and objects. However, these methods
typically require simplifications. Q. Liu et al. [238] proposed
DexRep, a geometric and spatial hand-object interaction repre-
sentation combined with PointNet [248], to achieve a general-
izable grasping policy. Y. Xu et al. [239] introduce
UniDexGrasp, an innovative framework that attains versatile
robotic dexterous manipulation by merging a probabilistic
model for generating a variety of grasp hypotheses with a goal-
conditioned policy for their execution. Wan et al. [240] opti-
mized UniDexGrasp by leveraging the geometry features of
tasks, significantly improving generalizability and demon-
strating universal dexterous grasping on thousands of objects.

Compared to tasks performed by dexterous hands, dual-arm
robots offer a more diverse range of task scenarios. Dual-arm
tasks are characterized by collaborative constraints, which can
be divided into two categories: unity collaboration and task-
based collaboration. Task-based collaboration involves each
arm handling different objects independently, such as in shaft-
hole assembly [241] or cooking [242]. Conversely, unity
collaboration involves both arms working on a single object
simultaneously, as demonstrated in activities like folding
clothes [243] or performing hand-over tasks [244, 245]. W.
Wang et al. [246] focuses on enhancing the robustness of dual-
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TABLE 4 | Comparison of different single skill learning approaches.

Skill name Year Methodology Reference
Dexterous hand reorientation 2020 Deep reinforcement learning [230]
2019 Deep reinforcement learning [231]
2023 Rapid motor adaptation, extrinsic vector [232]
2023 Vision-based tactile sensors, extrinsic vector [233]
2022 End-to-end vision model, imitation learning [234]
2023 End-to-end vision model, imitation learning [235]
Dexterous hand grasping 2014 Empirical model [236]
2010 Push-grasping, motion planning algorithm [237]
2023 Geometric and spatial interaction representation [238]
2023 Probabilistic model of grasp pose conditioned, imitation learning [239]
2023 End-to-end vision model, imitation learning [240]
Dual-arm operations 2022 Model-free RL, modular approach [241]
2022 Motion planning algorithm, motion sequence graph [242]
2018 Stereo vision system [243]
2020 Regrasp graph, multimodal planning [244]
2020 Conservative estimation planning, optimistic estimation planning [245]
2024 Shared-control teleoperation, coupled LPV dynamics [246]
2024 Learning-based perception, optimization-based control [247]

arm object-moving tasks through imitation learning, employing
a shared teleoperation strategy and a coupled linear parameter-
varying dynamical system to ensure precise and stable task
execution, even in the presence of disturbances. Meanwhile,
Ren et al. [247] introduces a comprehensive framework that
enhances the dexterity and versatility of dual-arm manipulators
through a learning-based perception module and an
optimization-based control module, enabling effective bimanual
grasping and manipulation of unseen objects.

These studies collectively advance the field of single skill
learning in humanoid robots, providing robust and versatile
solutions for a wide range of tasks. They lay a solid foundation
for future research on multi-skill learning and the execution of
more complex tasks.

5.4.2.2 | Multi-Task Skill Learning. Rather than training
a unique policy for each task, multi-task learning in robotic
manipulation seeks to develop a unified policy capable of
handling diverse tasks. Noticing the significant advances in
Natural Language Processing (NLP) and Computer Vision
(CV), numerous studies [249-252] leveraged large vision and/or
language models to extract structured task and environment
information. This information supports low-level planning
frameworks to generate robot trajectories. For example,
VoxPoser [245] incorporates affordances and constraints
derived from vision-language models (VLMs) into a model-
based planning framework. Similarly, ReKep [252] utilizes
large vision models (LVMs) and VLMs to generate keypoints
and constraints, formulating the manipulation task as a
constrained optimization problem. Beyond simply applying
existing foundation models in robotics, we also see
considerable potential for the development of models tailored

specifically to robotics, notably Vision Language Action (VLA)
models. These models, trained on demonstration data, generate
robot actions based on visual and language input. Examples
include RT-1 [253], RT-2 [254], RoboFlamingo [255], and Octo
[256], all of which have shown enhanced performance in real-
world robotic manipulation tasks. To improve 3D spatial
reasoning, many works [257-264] focused on advancing 3D
representations. PerAct [265], for example, took input voxelized
point clouds, while ChainedDiffuser [257] and Act3D [258]
represented scenes as multi-scale 3D feature clouds. However,
VLA models require extensive demonstration data, prompting
the collection of large-scale robotic manipulation datasets, such
as Open X-Embodiment [266] and DROID [267]. Additional
studies explore how to synthesize large-scale demonstrations
automatically, either through human-designed rules [268] or
foundation models [269, 270]. Another line of works [271, 272]
attempted to replicate success in the field of CV, where large
datasets pretrain a base model later fine-tuned on specific tasks
with fewer data. And Lin et al. [273] explore whether data
scaling laws observed in NLP could similarly impact robotics.

Despite these advancements, substantial challenges remain. A
generalist robotic model, akin to ChatGPT in NLP, has yet to be
realized. Fully exploiting web-scale, action-less human video
data and enabling models for active, incremental learning are
ongoing challenges. Integrating additional modalities, such as
force data, to achieve high-precision tasks also presents a
promising research direction.

5.4.2.3 | Long-Horizon Manipulation. Long-horizon ma-
nipulation involves tasks that require a series of actions over an
extended period of time, such as assembling a product or
cooking a meal. These tasks demand the robot to plan and
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execute multiple steps, coordinating its actions over a long
timeframe while continually adjusting to feedback. Long-
horizon manipulation is one of the most complex areas of
robotic skill learning, as it requires not only the execution of
sequential actions but also the ability to handle uncertainty
and adapt to changing conditions.

Learning motor strategies directly from long-term demonstra-
tions has always been a challenging task in robotics [274-277]. In
a home scenario, the robot must have the ability to perform
multiple tasks, such as cooking, through visual observation.
However, problems such as compound errors [277-279] in the
execution of long sequence tasks and huge visual observation
space increase the difficulty of vision-based imitation learning. A
common solution is to break a long task into multiple subtasks
and use a hierarchical learning architecture to reduce the diffi-
culty of imitation learning. Two main research areas are pre-
sented here.

Hierarchical reinforcement learning [280, 281] is one of the
important methods to solve the long sequence problem, which
mainly realizes the discovery of sub-skills and the planning of
skills through self-exploration. Options framework [282, 283] and
MAXQ Method [284] are two common methods in this field.
Options are used to interrupt the planning process, and the
concept of subgoals is used to optimize options itself, to achieve
better performance. Some work uses the time-optimization
method to solve the generalization problem of new tasks, using
the skill-chaining functions [283, 285-290] to determine the
relationship between the termination condition of the current
execution skill and the start condition of the next skill. The op-
erations are performed in the link mode until the final target
condition is reached. For example, Bagaria and Konidaris [283]
combined skill-chaining with deep neural networks to achieve
the effect that the execution of the previous skill satisfies the
conditional properties of the subsequent skill execution. How-
ever, this approach requires learning sub-skills and planning
strategies from scratch, which is computationally expensive.

Hierarchical Imitation is another area of research that addresses
the long sequence problem. Hierarchical behavior cloning is a
common method [270, 277, 291-298] that has demonstrated
strong capabilities in the field of robotics. The approach utilizes
a high-level planner to predict skills and uses a low-level control
module to execute to sub-goals set by a high-level planner. Some
studies learn from human demo videos and mimic human
behavior. The method needs to be able to understand the task
representation semantically. For example, extracting human
priors from human videos [294, 298], or combining robot pre-
sentations with human presentations to align task representa-
tions [296], the embedding of these continuous skills achieves
goal-oriented control and can achieve better results with a
small amount of demonstration data in previously unseen tasks.
Some other works learn the potential skill representation of
subtasks in an unsupervised way. For example, Zhu et al. [291]
uses hierarchical clustering to cluster a complete presentation
data into several different skills and uses a meta controller to
combine skills and provide target guidance for skills.

One-shot imitation learning is another common approach to
Hierarchical Imitation, which adopts a meta-learning framework.

Learning a new task [293, 299-302] based on a complete or partial
trajectory demonstration video [292, 293], this method can
quickly adapt to the optimal strategy of the new task. For example,
S. Wu et al. [303] combines DMP with the meta-learning frame-
work. DMP is used to encode a skill repertoire consisting of
movement primitives, and the upper-level meta-learning frame-
work provides the task parameters for each sub-task.

6 | Potential Application Scenarios

The potential applications of humanoid robots span a wide array
of domains, each offering unique opportunities and challenges.
As the capabilities of humanoid robots continue to evolve, their
integration into various sectors is becoming more feasible,
allowing them to perform tasks traditionally handled by
humans. From enhancing workplace productivity to providing
companionship and service, humanoid robots are poised to have
a profound impact on society. Understanding the various
application scenarios where humanoid robots can be deployed is
essential for evaluating their long-term potential and societal
impact.

In this section, we will explore several promising application
domains for humanoid robots, including their role as ordinary
workers, educational companions, interactive service providers,
domestic attendants, and explorers or rescuers. Each of these
scenarios highlights the versatility of humanoid robots and the
diverse needs they can address in both professional and per-
sonal settings.

6.1 | Ordinary Workers

As the population in industrialized countries continues to age,
labor costs in production have been steadily rising. Simulta-
neously, the new generation of young people is increasingly
reluctant to enter the manufacturing sector, leading to soaring
expenses associated with training skilled workers. In this
landscape, robots have emerged as a vital alternative to tradi-
tional labor. Over the past 2 decades, industrial robots have
firmly established their roles, while collaborative robots enable
seamless interaction between machines and humans in shared
workspaces.

Despite these advancements, a significant portion of factory
work still relies on human labor. Many of these tasks are re-
petitive and tedious, yet their inherent unpredictability poses
challenges for existing robotic systems. In response to this need,
humanoid robots have been proposed as a solution to undertake
such tasks. For instance, the HRP-2 project in Japan [304] has
been documented for its application in aircraft assembly, while
Tesla's humanoid robot, Optimus [305], has been showcased
during tours of the company's robot factory.

6.2 | Interactive Service Providers

Humanoid robots can also provide convenience to people
through interaction. They can serve as staff in various settings
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such as in restaurants, or as tour guides at attractions. They can
also act as receptionist in companies. For example, the hu-
manoid service robot Pepper [306], which is designed to help
people in business, can display various cues with its eyes and
interact with human in an intuitive way. The robot tour guide
Promobot [307] can function not only as a museum worker but
also be its own exhibit at the same time.

6.3 | Domestic Attendant

Home robots will get more reliable in the future with the ad-
vances in mechanical and AI technologies [308]. In addition to
doing basic household chores, humanoid robots can also be
used at home to assist in caring for the elderly and patients,
replacing some of the responsibilities of human caregivers. They
can not only help people walk and retrieve items, but also take
care of the elderly or aid patients in rehabilitation training.
Additionally, they can monitor their living conditions and
promptly detect any issues that arise.

6.4 | Explorers and Rescuers

Humanoid robots can replace exploration workers in performing
tasks in hazardous environments like underground mines and
nuclear power stations, and replace firefighters in fire scenes
[309]. They can even access areas that are unreachable for
humans. For example, NASA's Valkyrie robot [310] is envisioned
for use in space exploration missions, particularly for tasks on
other planets or moons where human presence may be limited.

7 | Open Challenges and General Trends

As humanoid robots continue to evolve and move toward
broader application, several open challenges must be addressed
to fully realize their potential. These challenges span a variety of
domains. For humanoid robot head, it's from the appearance
design to natural emotional interaction. For humanoid robot
body, it's from ensuring the security and robustness of robots in
dynamic environments to overcoming economic and technical
limitations for large-scale deployment. Addressing these chal-
lenges is crucial for enabling humanoid robots to operate safely,
effectively, and efficiently in real-world scenarios.

In addition to these challenges, there are several emerging
trends in humanoid robotics that promise to shape the future of
the field. These trends focus on enhancing the capabilities of
humanoid robots, improving their versatility and adaptability,
and making them more accessible and sustainable. Trends such
as cost-effective robot platforms, modularization, interface
standardization, and the development of embodied intelligence
are gaining significant attention from researchers and de-
velopers, as they can drastically improve both the functionality
and practicality of humanoid robots.

This section will first discuss the current open challenges that
are hindering the progress of humanoid robots, followed by an
exploration of the key trends shaping the future of humanoid

robotics. Together, these challenges and trends provide a
comprehensive view of the ongoing developments in the field,
highlighting both the obstacles that need to be overcome and
the innovations that are driving the next generation of hu-
manoid robots, as illustrated in Figure 10.

7.1 | Appearance Design

Designing the appearance of humanoid robot heads raises
unique considerations for both non-anthropomorphic and
anthropomorphic humanoid robots. Non-anthropomorphic
heads benefit from human-like contours with simplified fea-
tures, such as cartoon-like shapes and eye style, to enhance
comfort and approachability. However, achieving the balance
between human-like qualities and simplification, while avoiding
the uncanny valley, remains a key research focus. For anthro-
pomorphic humanoid robot heads, crossing the uncanny valley
is essential. While these robots may feature lifelike skin and
hair, they currently lack the nuanced skin textures, color vari-
ability, and tactile simulation of human faces. High-fidelity skin
color changes, bionic skin, and advanced tactile materials will
likely be major research. Developing more refined skin texture
simulation materials, introducing flexible materials (such as soft
skin), will enable robots to adaptively adjust their facial ex-
pressions and body movements in response to environmental
changes. Additionally, integrating an intelligent haptic feedback
system will allow robots to engage in multi-level, multi-modal
emotional communication with humans.

7.2 | Emotional Interaction

Enabling natural emotional expressions is crucial for humanoid
robot. High degrees of freedom are necessary for natural micro-
expressions, especially in eye, lip, and eyebrow movements.
Future innovations must increase actuator freedom, incorporate
miniaturized mechanical designs, and employ soft and flexible
materials for refined expression control. Natural emotional
interaction also requires multimodal emotion perception—
robots must read human emotions through visual, auditory,
and tactile cues. Current emotion recognition lacks the accuracy
and speed needed in complex situations, leading to imprecise
emotional judgments. Additionally, emotional systems should
automatically adjust and gradually express emotions in response
to changing environments and interactions. Integrating existing
emotion recognition technologies to enhance the robot's ability
to understand human emotions through visual, auditory, and
tactile signals will improve the real-time performance and ac-
curacy of multimodal emotion perception systems. This will
narrow the gap with human emotional responses. Additionally,
introducing a more flexible facial expression generation module
will enable the robot to express emotions more naturally
through facial and body language.

7.3 | Security and Robustness

One of the critical challenges facing humanoid robots is
ensuring their security and robustness, particularly as these
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FIGURE 10 | Challenges and trends of humanoid robots.

robots become more integrated into human environments and
perform complex tasks. As robots gain greater autonomy and
interconnectivity, they must be protected from cyberattacks,
malfunctions, and unpredictable environmental conditions.
Ensuring that humanoid robots are secure and resilient to errors
is essential for their deployment in sensitive areas like health-
care, public service, and industrial settings.

7.4 | Cost-Effective Robot Platform

The high research and manufacturing costs limit the widespread
adoption of humanoid robots in the consumer market. There-
fore, finding ways to reduce the maintenance and operating costs
of robots is essential to make them more viable for commercial
applications. As their costs decrease, they'll get commercialized
and enter large-scale production, and the prices are expected to
decrease, leading to wider adoption in people's daily lives.

7.5 | Modularization and Interface
Standardization

The trend toward modularization and interface standardization
is becoming increasingly important as humanoid robots are
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designed for greater flexibility and scalability. By developing
robots with standardized, interchangeable components, manu-
facturers can create more adaptable systems that are easier to
maintain, upgrade, and customize for different tasks. This
modular approach reduces development time, lowers costs, and
promotes innovation by enabling a wider range of configura-
tions and integrations. Additionally, standardizing interfaces
ensures compatibility across different robotic systems, facili-
tating interoperability in multi-robot environments.

7.6 | Embodied Intelligence

Humanoid robots need to accurately perceive their surrounding
environment, including objects, obstacles, and human emotions
and intentions. These requirements necessitate that robots
possess the ability of self-learning and adapt in various envi-
ronments and tasks, ensuring safety during interactions with
humans while also considering ethical and social implications.
At the same time, based on a more dexterous hand structure
with higher degrees of freedom and in-hand grasping operation
strategies, humanoid robots will achieve a level of dexterity and
versatility that is, closer to that of natural hands. By addressing
these challenges, humanoid robots can advance toward
embodied intelligence, achieving higher levels of autonomy,
flexibility, and human-robot collaboration. This will facilitate
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the widespread application of humanoid robots in various fields,
including home care, healthcare, and services.
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