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Abstract

Robots are increasingly being used across industries, healthcare, and service sectors to
perform a wide range of tasks. However, as these tasks become more complex and environ-
ments more unpredictable, the need for adaptable robots continues to grow—bringing with
it greater technological challenges. Artificial intelligence (AI), driven by large datasets and
advanced algorithms, plays a pivotal role in addressing these challenges and advancing
robotics. AI enhances robot design by making it more intelligent and flexible, significantly
improving robot perception to better understand and respond to surrounding environ-
ments and empowering more intelligent control and decision-making. In summary, AI
contributes to robotics through design optimization, environmental perception, and intelli-
gent decision-making. This article explores the driving role of AI in robotics and presents
detailed examples of its integration with fields such as embodied intelligence, humanoid
robots, big data, and large AI models, while also discussing future prospects and challenges
in this rapidly evolving field.

Keywords: artificial intelligence (AI); robot technology; robot design; robot perception;
robot intelligent control

1. Introduction
With the rapid development of technology, robot technology and AI are becoming

the focus of attention in today’s society. Robotics technology is a rapidly developing field
that encompasses multiple disciplines, such as mechanical engineering, electronics, and
computer science, and is aimed at developing machines with the ability to mimic [1,2],
assist [3], or replace humans in performing specific tasks. However, this technology also
faces a series of challenges. First, robot design needs to consider the work requirements in
various complex environments, such as narrow spaces or multiple obstacles [4–6], as well
as the potential increase in structural complexity required to adapt to different tasks and
unknown environments [7]. Second, robots need to process a large amount of complex data
to accurately analyze results based on their perception [8], including achieving autonomous
navigation in complex environments [9,10], human-computer interaction [11], etc. Finally,
the robot intelligent control system needs to meet the requirements of real-time control [12]
and have adaptive capabilities to cope with uncertainty [13].

AI is an important branch of computer science aimed at equipping computer sys-
tems with the ability to mimic human intelligent behavior. It covers techniques such
as pattern recognition [14,15], machine learning [16,17], data mining [18,19], intelligent
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algorithms [20,21], etc. These technologies can analyze and process various forms of infor-
mation, simulate human behavior, acquire new knowledge and skills, and continuously
improve their own performance. Through intelligent algorithms, artificial intelligence can
mine useful information, solve practical problems, and achieve intelligent functions.

AI has injected new vitality into robotics technology, and various fields have benefited
from this integration. In terms of robot designs, artificial intelligence improves design
efficiency and reliability through data analysis and simulation optimization, enhancing the
energy efficiency and adaptability of robots [22,23]. For example, some industrial robots
have significantly reduced energy consumption by optimizing their motion trajectories
through AI [24]. In terms of robot perception, AI enables robots to more accurately un-
derstand their environment through multimodal data fusion, thereby responding more
effectively to complex situations [25,26]. For example, mobile robots can combine visual,
auditory, and tactile sensors to better recognize and respond to various complex environ-
ments [27]. In terms of intelligent control, advanced algorithms such as adaptive control
and computer vision enable robots to accurately perform tasks in complex surgeries. By
applying big data and these deep learning models, AI has improved the accuracy and
performance of robotic surgery [28]. For example, autonomous vehicles can achieve precise
control in complex road conditions through AI algorithms, improving driving safety and
efficiency [29,30].

In the following chapters, we will delve deeper into the specific contributions of AI
to robotics. In Section 2, “Artificial intelligence promotes robot design,” we will explore
how AI techniques enhance the design process of robots, making them more efficient and
adaptable. Section 3, “Application of artificial intelligence in robot perception technology,”
will discuss the role of AI in enabling robots to perceive and understand their environment
more accurately. Section 4, “The role of artificial intelligence in robot intelligent control,”
will examine how AI algorithms improve the control systems of robots, allowing them
to perform complex tasks with greater precision and adaptability. Finally, in Section 5,
“Summary and outlook,” we will summarize the key findings of the paper and provide
insights into the future development of AI in robotics.

In summary, AI is a key factor driving the development of robotics technology, not only
expanding the capabilities of robots, but also providing innovative solutions to challenges
in the field of robotics. In the future, with the further integration of AI technology and
robotics technology, we can expect the emergence of more intelligent, flexible, and efficient
robot systems. Intelligent robots will show broader application prospects in various fields,
bringing more convenience and possibilities to human society. This review aims to provide
a detailed overview of the current state and future trends in the application of AI in
robotics, highlighting the significant advancements and potential for further innovation in
this rapidly evolving field. By doing so, we aim to provide researchers and practitioners
with a comprehensive, integrative perspective on how AI is transforming robotics and
where the field should head next.

2. Artificial Intelligence Promotes Robot Design
Design is a crucial part of the robot development process, as it directly affects the func-

tionality, appearance, and performance of the robot system. Integrating AI technology into
various aspects of robot design has revolutionized the way robots are conceived and built.
Specifically, AI-driven design processes often leverage advanced neural network models,
such as Convolutional Neural Networks (CNNs) for image-based design optimization
and Recurrent Neural Networks (RNNs) for sequential design tasks. These models have
evolved over time to handle more complex tasks, such as predicting the structural integrity
of robot components under various conditions. For example, by collecting large-scale
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tactile data through tactile gloves and analyzing this data using deep convolutional neural
network models, researchers can better understand the operating rules of human hands and
design more accurate and efficient robot grasping tools and prosthetics [31]. This approach
not only enhances the adaptability of robots [32,33] but also promotes their autonomy in
complex environments [34].

2.1. Automated Intelligent Design

This is a core process of robot design, where AI can generate a large number of design
solutions in a short period of time and find the optimal one through continuous opti-
mization and simulation testing. This not only significantly shortens the design cycle but
also improves design quality and reliability. Figure 1 depicts the process of automated
intelligent design. First, generative design utilizes AI algorithms to automatically generate
design schemes for mechanical structures and components, then comprehensively opti-
mizes multi-objective performance or reduces material consumption while meeting design
constraints [35,36]. Alternatively, biomimetic design can be adopted to propose effective
robot structural design and functionality to adapt to specific application scenarios [37].
Then, design optimization is achieved through machine learning or AI optimization tools
to adjust parameters and optimize the performance of existing designs in order to find
the optimal solution [38]. In addition, through simulation and testing, virtual testing and
validation of robot design can be quickly carried out, reducing the need for physical proto-
types, shortening the development cycle, and improving efficiency and effectiveness. Using
AI algorithms and simulation data for automatic optimization, finding the best design
solution, achieving multi-objective optimization, and significantly improving the efficiency
and accuracy of the design process [39,40], this design concept has been widely used in
the field of biology [41]. Any single process or combination of the above can optimize the
robot design process, ensuring efficient and reliable design, and has broad potential for
multi-domain applications.

Inspired by the sensory system of the star-nose mole, a biomimetic tactile olfactory
sensing array installed on a robotic arm is proposed (Figure 2A) [42]. It can obtain real-time
local terrain, stiffness, and odor of various objects without visual input. The tactile sensing
array in the system consists of 70 force sensors located at the ends of the fingers, which can
sense the local surface morphology and stiffness of objects. The olfactory sensing array
consists of six gas sensors located on the palm, which can detect the odor characteristics of
objects (Figure 2B). These sensors have high sensitivity and stability and can provide reliable
data in harsh environments. By integrating tactile and olfactory information, the algorithm
based on bioinspired olfactory-tactile (BOT) association learning can accurately recognize
11 typical objects with 96.9% accuracy in simulated rescue scenarios (Figure 2C). The
compact, low-power, and robust design of the tactile olfactory sensing system highlights
its enormous potential for object recognition in harsh environments where visual methods
may fail.

In addition, a new optimization method based on metaheuristic optimization and deep
neural network (DNN) surrogate model was proposed to optimize the mode parameters of
concentric-tube robots for minimally invasive surgery [43]. First, topology optimization
was used to determine the general shape of the pattern (Figure 2D). Then, training data
were generated through finite element analysis (FEA), and a DNN surrogate model was
constructed (Figure 2E). Finally, a metaheuristic-based optimization method was used to
optimize the design variables, and the optimization results were verified through experi-
ments (Figure 2F). This method can generate patterns that are superior to previous designs
in a reasonable amount of time (less than 900 s) without the need for manual parameter
studies or sensitivity analysis. The use of DNN surrogate models can allow the design space
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to be effectively explored, which is more efficient compared to previous comprehensive
search methods.

On the other hand, a mechanical adhesive gripper for climbing robots has been devel-
oped that is inspired by beetle claws [44]. First, by analyzing the structure, morphology,
and attachment process of beetle claws, a reference was provided for the preliminary
design of biomimetic grippers (Figure 2G). Then, by simulating the attachment probability
of different microspike layouts, the optimal microspike design parameters were further
determined (Figure 2H). Then, a novel driving system was adopted to achieve lightweight,
load sharing, adaptability, and strong adhesion on irregular rough surfaces. Finally, the
gripper was integrated into the rock climbing robot RockClimbo, enabling it to move on
extreme terrains, and its performance was verified through experiments (Figure 2I).

Figure 1. Process of automated intelligent design.
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Figure 2. Process of automated intelligent design: (A) Biomimetic tactile olfactory sensing array [42].
(B) The array-architecture of tactile and olfactory sensing [42]. (C) BOT-M recognition rate [42]. (D)
General pattern shape [43]. (E) FEA for data generation [43]. (F) Flowchart of DNN-metaheuristic
algorithm [43]. (G) Sectional model of the mechanical interlock [44]. (H) The recommended layout of
claws/spines [44]. (I) Outdoor grasping experiments [44].

2.2. Intelligent Material Selection

In terms of material selection, materials can be selected for robots based on design
requirements and performance indicators. AI can recommend the most suitable materials
for different application scenarios and predict their performance under various conditions,
ensuring the durability and adaptability of robots. For example, a new sensor system
based on liquid metal (LM) improves the rheological properties of LM by introducing SiO2
particles, selecting appropriate materials and combinations, so that LM maintains high con-
ductivity while also having good processability and mechanical properties, thus designing
high-performance sensors [45]. Here, by showcasing the application of LM in sensors, the
importance and potential of intelligent material selection are demonstrated, emphasizing
the integration of multifunctional sensing systems through rational material selection and
optimization with the assistance of deep learning algorithms. These systems are widely
used in intelligent motion training, intelligent soft robots, and human–machine interfaces.

2.3. Modular Design

The origami robot is based on the principle of origami, using intelligent materials and
biologically inspired design to achieve simple and efficient modular design, manufactur-
ing, and control. They are not only suitable for various practical applications, but also
enhance the flexibility, intelligence, and adaptability of robots through AI and embodied
intelligence technologies. This design concept provides new directions and ideas for the
future development of robot technology [46]. The modular design further demonstrates
the advantages of AI in robot design. After identifying task requirements, it can provide
multiple alternative design solutions to enhance system reliability, making robot design
more flexible and scalable [47]. AI systems can recognize environmental information and
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optimize module combinations to meet different task requirements, significantly improving
the adaptability and autonomy of robots [48]. In this regard, biomedical robots based on
the principle of origami achieve compactness and reconfigurability by folding flat materials
into three-dimensional structures [49]. This technology combines biocompatibility and
high load capacity, making it suitable for building compact actuators, deployable stents,
and minimally invasive surgical devices. By using computational models, the mechanical
properties of these physical origami robots can be analyzed and simulated, providing scien-
tific basis for their design and application in the biomedical field. AI and modular design
further enhance the intelligence and flexibility of these robots, enabling them to better meet
practical application needs, and the proposed computational model helps accelerate the
design iteration of new biomedical origami robots.

In summary, the role of AI in robot design is pivotal in driving innovation and
enhancing adaptability. By leveraging advanced techniques such as generative design
algorithms, machine learning, and big data analytics, AI has revolutionized the way robots
are conceived and built. For instance, generative design algorithms can rapidly generate
and optimize complex mechanical structures, while machine learning models can predict
and mitigate potential design flaws. The integration of big data and big models has further
enhanced the design process by providing detailed insights into performance optimization
and material selection, leading to more sustainable and cost-effective designs. This holistic
approach has not only improved the efficiency and reliability of robot design but also paved
the way for more innovative and versatile robotic systems.

3. Application of Artificial Intelligence in Robot Perception Technology
In modern robotics technology, perception ability is the foundation for achieving

autonomous action and intelligent decision-making, and the introduction of AI has greatly
improved the intelligence level of robot perception, enhanced environmental adaptability,
promoted innovation and development of robot perception technology, and continuously
emerged application scenarios. AI-driven perception systems often rely on a variety of
neural network models, such as CNNs, for image recognition, and Generative Adversarial
Networks (GANs) to generate synthetic training data to improve perception accuracy. These
models have shown significant performance improvements over time, with advancements
in areas such as real-time object detection and scene understanding. For example, by
combining big data and big models, robots can more efficiently process data from various
sensors. This ability enables robots to perceive the environment more comprehensively,
understand accurately, and respond quickly, thereby performing more complex tasks. The
following will explore the specific applications and importance of AI in robot perception
technology from three aspects: sensor data processing, computer vision, and natural
language processing.

3.1. Sensor Data Processing

This is the core of robot perception, which can obtain various pieces of information in
the environment through various types of perception, such as vision, hearing, and touch. AI
can effectively process and understand data from different sensors. Through multi-sensor
fusion and real-time data analysis, robots can perceive the surrounding environment like
humans, improving their perception accuracy and response speed (Table 1).

For example, visual perception can be achieved through image recognition technology,
combined with big data and models, to enable robots to recognize and classify objects. In
the manufacturing industry, visual perception is used to automatically detect the quality
of products, discover defects and deficiencies, and improve production efficiency and
product quality [50,51]; in medical image analysis, visual perception is used to segment and
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annotate organs or lesion areas to assist doctors in diagnosis [52,53]. Auditory perception
can be achieved through speech recognition technology, enabling robots to understand
and respond to human language. Voice assistants can be used in smart homes to recognize
commands and control devices [54,55]. Auditory perception can also be used in monitoring
to detect abnormal sounds and trigger alarms, ensuring environmental safety, or identifying
user emotions, promoting human–computer interactions [56,57]. Tactile perception enables
robots to perceive and measure the shape, hardness, or surface features of objects, enabling
them to operate robots more flexibly and perform complex tasks. In medicine, tactile
feedback is used for biomimetic surgical robots to provide precise surgical assistance [58,59];
for robots’ collaborative tasks it is used to precisely control contact force and operating
force, achieving safe and efficient human–machine interaction [60,61].

Table 1. Examples of sensor data processing.

Category Sensor
Description

Data Type and
Format

Data Processing
Method Typical Applications Ref

Visual
perception

camera LiDAR point cloud
data/Spatial

Adaptive
Moment

Estimation
(Adam)

3D object detection,
automatic driving [62]

An ordinary
camera system

Sports stimulation
and sine wave grating

stimulation/Time
Series

lobula giant
movement

detector
(LGMD2)

Autonomous Navigation,
Collision Detection, Obstacle
Avoidance of Mobile Robots

[63]

2D
retinomorphic

devices

frame difference
time/Time Series

convolutional
neural network

(CNN)

Intelligent Internet of Things,
human-eye biomimetic

design
[64]

ZnO
photo-synapse

sensor

photocurrent
matrix/Matrix

light
stimulation/Time

Series

Artificial Neural
Network (ANN)

Neural morphology,
artificial visual systems [65]

Auditory
perception

The
skin-attachable
acoustic sensor

Capacitance–
voltage/Scalar

Analog-to-
digital converter Auditory electronic skin [66]

a thin-film
flexible acoustic

sensor

Sound signal/Time
Series

short-time
Fourier

transform (STFT)

Physiological Acoustic
Signal Monitoring [67]

A spiral-artificial
basilar

membrane
sensor

Electrical
signal/Scalar

Noise data/Time
Series

Frequency
response
analysis

Speech recognition,
dangerous situation

recognition, hearing aids
[68]

Tactile
perception

BB-Skin Temperature
change/Time Series

Support Vector
Machines (SVM)

Real-Time Temperature
Monitoring, Object
Recognition System

[69]

Triboelectric
sensor

open circuit voltage,
short circuit current,

transferred
charge/Mapping

linear
discriminant

analysis (LDA)

Identified the type and
roughness of various

common materials
[70]

Tattoo-like
electronics

Surface electromyo-
graphic/Vector LDA Natural communication in

daily life [71]
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3.1.1. Visual Perception

Computer or robot systems mimic the human visual system, obtaining image or video
data through sensors such as cameras, and using image processing, machine learning, and
deep learning algorithms to interpret and understand visual information, thereby achieving
functions such as object recognition, motion detection, distance measurement, and scene
understanding. For example, Time-of-Flight (ToF) cameras measure the time it takes for a
light signal to travel from a camera to an object and back. This technology is particularly
useful for real-time 3D mapping and distance measurement, making it ideal for applications
such as autonomous navigation and obstacle avoidance in robotics. Light Detection and
Ranging (LiDAR) sensors use laser light to measure distances to objects. They are highly
effective for creating detailed 3D maps of environments and are widely used in autonomous
vehicles and robots for navigation and obstacle detection. Stereo vision systems use two
or more cameras to capture images from slightly different viewpoints, similar to human
eyes. By comparing the images, stereo vision can compute depth information, enabling
robots to perceive 3D environments. This technology is essential for tasks such as object
recognition, motion detection, and scene understanding. For example, an efficient stereo
geometry network has been developed to quickly and accurately detect 3D objects in
complex environments [62], providing strong technical support for applications such as
autonomous driving and robot navigation.

In addition to traditional sensors, biomimetic and advanced sensors are also being
explored to enhance robotic vision. For example, by drawing inspiration from the visual
neural network of locust in nature, an LGMD2 visual neural network model was proposed
for detecting potential collision objects in images [63]. When running in complex and
ever-changing environments, this model ensures safe and efficient task execution for au-
tonomous vehicles and robots. In addition, a hardware device inspired by biomimetic retina
is proposed [64], which realizes a compact and efficient motion detection and recognition
(MDR) hardware system integrating optical sensing, storage, and computing functions,
improving the efficiency and accuracy of motion detection and recognition. In addition,
a sensor based on ZnO optical synapses has been proposed (Figure 3A) [65], which uses
image binarization, denoising, and artificial neural network algorithms to achieve signal
processing and pattern recognition functions of optoelectronic synapses (Figure 3E). This
verifies the rapid response capability and reliable recognition accuracy of its hardware level
image recognition system (Figure 3I).

3.1.2. Auditory Perception

This is the process of obtaining sound data through sensors such as microphones,
which can perceive, analyze, and interpret sound signals, thereby achieving functions such
as recognizing sound, detecting noise, understanding voice commands, and recognizing
emotions. For example, in order to address the limitations of existing wearable acoustic
sensors and provide a more accurate and sensitive acoustic perception tool, a high fidelity
skin adhesive acoustic sensor has been proposed [66]. This sensor can accurately detect
a wide range of sounds and communicate with AI virtual assistant programs through
speech recognition functionality. In addition, a thin film flexible acoustic sensor capable
of detecting ultra wideband acoustic signals in various applications has been proposed
(Figure 3B) [67]. The sensor can perform real-time laryngeal monitoring (Figure 3J) through
short-time Fourier transform (STFT) spectrum analysis (Figure 3F). A spiral-artificial basilar
membrane sensor is proposed that mimics the basilar membrane in the human cochlea [68].
This sensor can respond to sounds at different frequencies and can be applied in fields such
as speech recognition, danger situation recognition, hearing aids, and cochlear implants.
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Figure 3. Overview of sensor data processing: (A) Optical synapses sensor [65]. (B) Acoustic sen-
sor [67]. (C) Skin sensor [69]. (D) Tactile sensor [70]. (E) Signal processing and pattern recognition [65].
(F) Spectrum analysis [67]. (G) Optimized prediction results [69]. (H) Machine learning for material
identification [70]. (I) The process of image recognition [65]. (J) Laryngeal monitoring [67]. (K) Object
recognition [69]. (L) Roughness recognition [70].

3.1.3. Tactile Perception

In addition, tactile perception refers to the ability to mimic the human skin and
nervous system’s perception of touch. Collect tactile data through devices such as pressure
sensors [72] and temperature sensors [73], and use algorithms such as machine learning [74]
and deep learning [75,76] to perceive and interpret the shape, texture, temperature, and
force characteristics of objects, thereby achieving precise tactile feedback and control.
It has a wide range of application scenarios, including assisted perception in medical
rehabilitation equipment [77], robot grasping and operation [78], and human–computer
interaction interfaces [79,80]. For example, Force-Sensing Resistors (FSRs) are pressure-
sensitive devices that change their resistance in response to applied force. They are widely
used in robotic hands and prosthetics to measure the force exerted during grasping and
manipulation tasks. Electromyography (EMG) sensors measure the electrical activity
of muscles, providing valuable information about muscle contractions and movements.
EMG sensors are commonly used in wearable devices and prosthetics to control robotic
limbs and assistive devices. These sensors are essential for tasks such as robot grasping,
manipulation, and human–robot interaction. For example, a highly realistic bionic bimodal
electronic skin has been developed [69] that consists of temperature sensing, heating, and
friction optimized electrode modules (Figure 3C). By using machine learning algorithms
to analyze and process data (Figure 3G), accurate object recognition can be achieved, and
remote temperature sensing feedback can be provided (Figure 3K). At the same time, by
integrating frictional electric sensing and machine learning (Figure 3H) [70], a smart finger
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with surpassed human tactile perception was proposed (Figure 3D), which can accurately
identify material types and roughness (Figure 3L). In addition, a silent speech recognition
system was proposed [71], which uses tattoo like electronic devices to record biological
data and implements speech recognition through machine learning algorithms, promoting
communication among aphasia patients, communication while maintaining silence, and
human–computer interaction without peripheral interference.

3.1.4. Multi-Sensor Fusion

Multiple sensors work together to fuse data from different types of sensors, providing
more comprehensive and accurate environmental perception. For example, tactile gloves
integrated with temperature and pressure sensor arrays can sense the contact pressure
and thermal conductivity of objects (Figure 4A) [81]; they can also combine deep learning
algorithms to distinguish 20 types of objects, improving the accuracy of object recogni-
tion. In addition, the multifunctional soft mechanical fingers integrated with nanoscale
temperature–pressure tactile sensors can simultaneously measure temperature change rate
and contact pressure (Figure 4B) [82], and combined with artificial neural networks, can
accurately identify materials. Even a hierarchical pressure–temperature bimodal sensing
E-skin based on all resistive output signals can classify various objects of different shapes,
sizes, and surface temperatures (Figure 4C) [83]. At the same time, a new form of ultralight
multifunctional tactile nano-layered carbon aerogel sensor (Figure 4D) [84] can provide a
variety of tactile perceptions and combine multi-modal supervised learning algorithm for
object recognition, further enhancing the universality and accuracy of tactile perception so
that the robot has multi-functional tactile perception ability.

Figure 4. Structural design of multi-sensor fusion: (A) Multisensory tactile glove [81]. (B) Multi-
functional soft robotic finger [82]. (C) E-skin [83]. (D) Multifunctional tactile system for intelligent
identification [84].

3.2. Computer Vision

In the field of computer vision, AI technologies such as image recognition and classifi-
cation, simultaneous localization and map construction (SLAM), greatly enhance robots’
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understanding and adaptability to the environment, and improve the flexibility and relia-
bility of handling multi form tasks (Table 2).

Table 2. Summary of the application of computer vision [85–93].

Application Area Algorithms Advantages Disadvantages

Image recognition and
classification

GAN + VGG16
Improving image quality and

recognition accuracy in
low-quality images

Long training time, Poor
generalization ability

contrastive GAN

Generate high-quality and
diverse defect images in limited

data image to Improve the
accuracy of surface defect

recognition

The generated images were
not selected and entered
into the model, and Gan

training time was too long
and poor real-time

performance.

MSMA-SDD Accurately detect defects of
various sizes and shapes

Spending a lot of time
tuning hyperparameters

for MSMA-SDD

Adaptive Classifier with
Attention-wise

Transformation (ACAT)

Improved the recognition
accuracy of surface defects in
the case of few samples and

enhanced generalization

Long training time, not
suitable for small and fine

defect detection

SLAM

separating quadric
parameters (SQP) + ODA

Improve the robustness and
accuracy of ellipsoid

reconstruction, ensures highly
accurate object pose estimation

and ellipsoid landmark
representation

Not considering the
semantic relationship

between object ellipsoids

model predictive control
(MPC) + SQP

Improve its runtime
performance and generate a

collision-free trajectory to finish
the coverage task

Only suitable for the 2-D
case

Fisher+receding horizon
optimization (RHO) +
Visual simultaneous

localization and mapping
(vSLAM)

Improvement of localization
robustness and accuracy

The sensor has strong
dependence, and in poor

visual conditions, the data
quality is poor

Object detection and
tracking

automatic white balance
fused by Laplacian

pyramid (AWBLP) + You
Only Look Once version 3

(YOLOv3)

Improve images quality and the
detection accuracy

Unable to completely solve
the problem of image

distortion under various
adverse weather conditions

dynamic attention fusion
unit (DAFU) +

temporal-spatial fusion
(TSF)

Accurately identifying human
activities, improving the

reliability, accuracy, and model
generalization of activity
recognition in complex

environments

Further improvement and
optimization are still

needed in certain complex
scenarios and real-time

aspects

Image recognition and classification enable robots to accurately recognize and classify
surrounding objects and scenes. However, image-based data presents multiple challenges.
To cope with low-quality image data, a generative adversarial network (GAN)-based DL
method for low-quality defect image recognition is proposed [85], which effectively im-
proves the visual quality of low-quality images and uses a Visual Geometry Group 16-layer
network (VGG16) to recognize reconstructed images, achieving high recognition accuracy
on low-quality defect images. However, GAN requires a large number of computing
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resources and training time, and the proposed method has poor generalization. A new
contrastive generative adversarial network (CGAN) is proposed for limited data [86], and
data augmentation techniques are used for surface defect recognition. The experiment
shows that the proposed method generates defect images with higher quality and greater
diversity, improving the accuracy of surface defect recognition in limited data situations.
However, the generated images were not filtered before being input into the model, and the
training time of GAN was long, resulting in poor real-time performance. A new multiscale
multiattention convolutional neural network (MSMA-SDD) is proposed for fine-grained
surface defect detection to address image data with different sizes of defects [87]. By
combining multi-scale and multiattention modules, defects of various sizes and shapes can
be detected more accurately. The experimental results show that this method performs well
on different datasets. However, to ensure optimal performance of the model, a significant
amount of time is required to manually tune the hyperparameters of MSMA-SDD. In
addition, an Adaptive Classifier with Attention-wise Transformation is proposed for small
sample data [88], which is specifically designed to solve the problem of surface defect
recognition with few samples. Finally, through the evaluation of publicly available datasets
and actual printed datasets, the proposed method not only improves the accuracy of surface
defect recognition with few samples, but also enhances generalization ability. However,
detecting minor defects still poses difficulties, and the training time is relatively long.

SLAM technology enables robots to build real-time maps and determine their own
position in unknown environments, thereby achieving autonomous navigation, path plan-
ning, and obstacle avoidance. For example, the recently launched driverless car “Apollo
Go” from Baidu (Beijing, China) uses SLAM. In order to solve the problem of observation
noise sensitivity commonly encountered in outdoor scenarios, ref. [89] proposed a quadric
initialization method based on the separation of the quadric parameters method, which
improved the robustness to observation noise and combined semantic inlier distribution,
Kalman motion prediction, and an object data association (ODA) algorithm with ellipti-
cal projection to achieve real-time stereo vision SLAM. In order to achieve collision-free
trajectories while balancing SLAM accuracy and area coverage performance, an active
simultaneous localization and mapping (SLAM) framework is proposed [90]. Through
simulation and experimental verification, this method can generate more accurate SLAM
results while covering the area and satisfying all constraints, which helps robots to serve
more intelligently and efficiently in daily life. In order to ensure that autonomous off-road
vehicles can navigate better in wilderness without GPS signals, a novel view planning
method has been developed in visual simultaneous localization and mapping [91]. By
actively and smoothly controlling the gimbal camera equipped on the robot, robust and
accurate SLAM can be achieved in unknown outdoor environments.

In addition, computer vision technology can be used for object detection and tracking.
For example, in order to reduce the impact of adverse weather conditions, different types
of AI technology have been combined [92], and the performance of autonomous driving
and intelligent transportation systems in adverse weather conditions has been significantly
improved, ensuring the safety and efficiency of driving. By combining dynamic attention
fusion units and temporal–spatial fusion networks with AI technology [93], the intelligent
monitoring system can automatically analyze and recognize customer behavior, detect
anomalies in a timely manner, and improve the efficiency and effectiveness of security
monitoring. In medical image analysis, computer vision technology is used to segment and
annotate organs or lesion areas to assist doctors in diagnosis [94]. In daily life applications,
computer vision technology is used for security verification, social media, smart homes,
etc., which can unlock devices and verify payment operations [95].
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3.3. Natural Language Processing

Natural Language Processing (NLP) is another important perceptual technology.
Through speech recognition, understanding, and semantic analysis, AI enables robots
to interact more naturally with humans. Speech recognition and understanding technology
enables robots to accurately understand human language instructions, while semantic anal-
ysis enables robots to understand the meaning behind language and make more intelligent
responses. This ability enables robots to be applied more widely and deeply in fields such
as services, education, and medical. For example, in stroke patients using multi degree of
freedom hand exoskeletons for daily activities, in order to accurately recognize the patient’s
movement intention, large language models and speech recognition technology are used to
enable the hand exoskeletons to not only perform predefined operations, but also respond
to non predefined tasks and commands [96]. As the aging population problem worsens,
rehabilitation nursing robots that assist in elderly care have attracted much attention. The
multi-modal rehabilitation system created using VR technology and speech recognition
provides an innovative rehabilitation pathway for patients with learning and developmen-
tal disabilities [97]. This system is expected to be widely applied in the medical field in the
future metaverse. In addition, chatbots such as OpenAI’s ChatGPT can engage in natural
conversations with users, answer questions, provide information, or complete tasks [98].

In summary, the integration of AI into robot perception technology has profoundly
enhanced the autonomy and decision-making capabilities of robots. Through advanced AI
techniques such as convolutional neural networks (CNNs) for image recognition, recur-
rent neural networks (RNNs) for sequential data processing, and multimodal data fusion,
robots are now capable of perceiving their environment with greater accuracy and com-
prehensiveness. These advancements enable robots to not only understand and respond
to complex environmental conditions but also to accurately interpret human instructions,
thereby making intelligent decisions in real-time. The result is a significant improvement
in the efficiency and adaptability of robots, making them more capable of operating in
dynamic and challenging environments. This progress has far-reaching implications for
various industries, including industrial manufacturing, healthcare, and home services,
where robots can now provide more effective and reliable support. By enhancing the
perception capabilities of robots, AI has opened new possibilities for their application in
diverse fields, ultimately bringing greater convenience and efficiency to human life and
work. This progress underscores the transformative potential of AI in shaping the future of
robotics and its integration into everyday life.

4. The Role of Artificial Intelligence in Robot Intelligent Control
In the development of robotics technology, the intelligence of control systems is

the key to achieving efficient, safe, and autonomous robots. The introduction of AI has
injected strong impetus into the intelligent control of robots, especially playing an im-
portant role in autonomous navigation and path planning [99–101], motion control and
coordination [102–104], and human–machine collaboration [105–107]. AI-driven control
systems often utilize advanced neural network models, such as Reinforcement Learning
(RL) algorithms for adaptive control and Deep Q-Networks (DQN) for decision-making in
dynamic environments. These models have evolved to handle more complex tasks, such as
real-time path optimization and adaptive control in uncertain environments. By combining
big data and big modeling technologies, we aim to improve the design and development of
humanoid robots [108–110], enhancing their abilities in ontology control, rapid movement,
and precise perception in complex and dangerous environments. This will help create
highly reliable humanoid robot solutions suitable for special application scenarios, such as
performing tasks that require specific human skills and flexibility, as well as conducting
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rescue operations in hazardous environments [111–113]. AI enables robots to perform
complex tasks more accurately and flexibly, and to adapt to changing environments, Table 3
analyzes the advantages and disadvantages of some artificial intelligence methods in the
field of robotics.

Table 3. Comparative of artificial intelligence methods in the field of robotics.

Method Category Representative Algorithm Advantages Disadvantages

Biological inspired neural
network Bio-inspired NN [114]

Real time adaptation to
dynamic environments;

Fast path generation speed
computationally expensive

Reinforcement Learning DRL [115], DDQN [116]

Autonomous optimization
strategy; Dealing with
dynamic and complex

environments

Difficulty in simulation
migration; High

consumption of computing
resources

Particle swarm
optimization PSO [117], RLPSO [118] Fast convergence Easy to fall into local

optima

Fuzzy control Mamdani fuzzy system
[119], STANCE [120]

Rules interpretable; Real
time adjustment of control

strategy
Complex tasks are limited

Memory network LSTM [121] Processing time-series data
High training data
requirements; High

computational complexity

4.1. Autonomous Navigation and Path Planning

Autonomous navigation and path planning are critical components of robot intelligent
control, enabling robots to operate efficiently and safely in various environments. The
development of advanced algorithms and the integration of various perception sensors
have significantly enhanced the capabilities of robots in these domains. In the following
subsections, we will delve into the specific algorithms and techniques used in path planning,
reinforcement learning, and adaptive control, highlighting their applications and benefits.

4.1.1. Path Planning Algorithm

This is one of the important areas of robot intelligent control. It involves the use of
advanced algorithms to design efficient and safe paths for robots while considering obstacle
avoidance and environmental awareness [122–124]. The application of this technology has
become a particular research focus for natural disasters or urban accident rescues. Due
to the complexity and diverse changes in the actual environment, quickly determining a
reliable rescue route is crucial. Robust perception in diverse environments—such as aerial,
underwater, and underground settings—also requires specialized sensor suites tailored
to environmental constraints. In aerial robotics, platforms typically deploy lightweight
radar, LiDAR, or thermal cameras, etc. In contrast, underwater robots rely on acoustic
sensors. For underground robots, perception is commonly enabled by LiDAR, ToF laser
or IR sensors, thermal cameras. By selecting sensor types suited to each environment
and integrating them with advanced path-planning algorithms, research ensures robust,
real-time path planning. For example, researchers have developed a feature learning-
based bio-inspired neural network for rapidly generating heuristic rescue paths in complex
and dynamic environments [114]. The system learns environmental information and
optimizes path planning strategies, enabling real-time response to environmental changes
and significantly improving the speed, efficiency, and optimality of rescue operations.
Similarly, in complex underwater environments, efficient Reward acting on Reinforcement
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Learning and Particle Swarm Optimization strategies have been proposed for real-time
rescue task allocation [117]. This strategy demonstrates the advantages of cost-effectiveness
and rapid response in path planning and task allocation. In addition, drones are gradually
demonstrating their advantages in search and rescue missions, especially in unknown
environments that are difficult to access. To this end, an adaptive conversion speed Q-
Learning algorithm is proposed [125], which is used to autonomously perform search and
rescue tasks in unknown environments, thereby optimizing path selection. In order to
further enhance the navigation ability of humanoid robots in complex environments and
multirobot coordination, a hybrid neural-fuzzy-petri-net controller is proposed [119], which
combines the Mamdani fuzzy system (Figure 5A). It takes the target angle and obstacle
distance output by CNN as inputs (Figure 5B) and generates optimized effective target
angles, thereby achieving dynamic path analysis and collision avoidance between multiple
robots (Figure 5C).

Figure 5. Autonomous navigation and path planning scheme: (A) Mamdani fuzzy controller [119].
(B) Cascade neural network structure [119]. (C) Experimental result of multiple humanoids [119].
(D) Dynamic-PMPO-CMA algorithm [126]. (E) Dynamic PMPO-CMA obstacles avoidance algorithm
with transfer learning [126]. (F) Good simulation experiment results [126]. (G) Binary occupancy
grid [118]. (H) Four distinct environment scenarios [118]. (I) Optimized travel path obtained from
RLPSO [118].

4.1.2. Reinforcement Learning

Assists robots in autonomous learning and path optimization tasks in unknown, com-
plex, and dynamic environments [127–129]. For example, in harsh, polluted, and even
dangerous areas, it is very important to use cleaning robots for full coverage cleaning work.
To this end, a Complete Coverage Planning (CCP) method based on deep reinforcement
learning (DRL) was proposed [115] to optimize shape change and path planning, covering
all areas that need to be cleaned with minimal energy consumption and time. Path planning
for mobile robots in unknown environments is a common problem, and traditional path
planning algorithms often suffer from serious dependence on environmental information,
long inference time, and weak anti-interference ability. To overcome these challenges, an
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improved deep reinforcement learning algorithm has been proposed [116] which utilizes
a double deep Q-network (DDQN), a comprehensive reward function, and Bezier curves
to generate safer, shorter paths with strong adaptability. In addition, underwater environ-
ments are large-scale, complex, real-time, and dynamic, with many unknown obstacles
present. In such harsh environments, conventional path planning methods are often inef-
fective. Therefore, a new path planning algorithm based on N-step priority Double DQN
has been designed for underwater robots navigating dynamic and complex 3D underwater
environments, effectively achieving obstacle avoidance in complex environments [130]. In
order to further solve the path planning problem of multirobot systems in complex environ-
ments, a dynamic proximal meta policy optimization with covariance matrix adaptation
evolutionary strategies (dynamic-PMPO-CMA) was proposed to improve the adaptability
of robots in different environments (Figure 5D) [126]. During the training phase, transfer
learning was introduced to improve learning efficiency (Figure 5E). The simulation ex-
periment results show that this method has faster convergence speed and better obstacle
avoidance navigation performance (Figure 5F).

4.1.3. Adaptive Control

Control strategies can be adjusted based on real-time feedback, allowing one’s own
behavior and parameters to be automatically adjusted and optimized to adapt to differ-
ent tasks and conditions, thereby improving navigation efficiency and task completion
rate [131–133]. In addition, in order to ensure safety in an emergency, a real-time planning
horizontal control algorithm suitable for following autonomous connected vehicles (ACVs)
in a two-vehicle platoon is proposed [134]. First, estimate the driving curve of the vehicle in
front, then adjust the driving direction and position of the following vehicle to ensure driv-
ing safety. A PTDRL (Parameter Tuning using Deep Reinforcement Learning) strategy has
been proposed to adapt to different environments [135]. Through an adaptive control mech-
anism, the parameters of the navigation system are adjusted based on real-time feedback,
making it suitable for navigation scenarios that require flexible response to different tasks
and conditions. A trajectory planning method for autonomous ground vehicles (AGVs)
based on a novel Reinforcement Learning Particle Swarm Optimization (RLPSO) algorithm
is proposed in dynamic environments with obstacles [118]. This method uses a Hector
SLAM algorithm to achieve real-time mobile robot positioning and map generation on ROS
platform, generating binary occupancy grids (Figure 5G). The experimental environment
includes static and dynamic obstacles to evaluate the performance of RLPSO algorithm
and five classic PSO algorithms (Figure 5H). Meanwhile, the AGV utilizes the RLPSO algo-
rithm to dynamically adjust its strategy based on feedback, achieving adaptable trajectory
planning in diverse environments while effectively avoiding obstacles (Figure 5I).

4.2. Motion Control and Coordination

Motion control and coordination are essential for enabling robots to perform precise
and efficient operations in various environments. In this section, we will explore the key
aspects of motion control and coordination, including motion control, feedback control,
and multi-robot coordination. We will discuss the latest advancements in these areas and
their applications in different robotic systems.

4.2.1. Motion Control

This is the foundation for achieving precise operation of robots. With the support
of big data and big models, the robot’s motion planning and execution capabilities have
been significantly improved, enabling it to accurately control joints and achieve stable and
accurate grasping actions [136–138]. For example, an artificial intelligence system called
“Generative Grabbing Convolutional Neural Network” (GG-CNN) was proposed [139],
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which learns how to accurately grab items in various environments from large amounts
of data. Compared with traditional methods, GG-CNN has faster computation speed,
smaller size, and better performance in complex environments. When grasping objects in
cluttered scenes, the maximum grasping metric method is used to analyze point cloud data
from a single perspective to determine the optimal grasping point, which improves the
robot’s grasping ability and success rate in various scenarios [140]. In addition, flexible
grasping of unknown objects is particularly important; therefore, a two-stage grasping
strategy is proposed [141]. First, a flexible hand consisting of a variable palm and four soft
fingers was designed (Figure 6A) that can provide flexible grasping space and deformation
ability to adapt to unknown objects. Next, a modular convolutional neural network (M-
CNN) was used to classify the shape, material, and size of the target object, and determine
the appropriate input pressure level (Figure 6B). Then, a vision-based adaptive detection
(VAD) method was proposed, which utilizes the classification results to obtain object
pose and optimal grasping configuration. Finally, the combination of classification and
detection methods demonstrated the reliability, adaptability, and real-time performance of
the method (Figure 6C).

Figure 6. Motion control and coordination system: (A) Flexible hand [141]. (B) Architectures of
M-CNN [141]. (C) Grasp experiments [141]. (D) The terrain model [142]. (E) Adaptive control
architecture [142]. (F) Test environments [142]. (G) Flowchart of the SEDE-PS [143]. (H) Flowchart of
the SE strategy [143]. (I) Schemes of multi robot task assignment problem [143].

4.2.2. Feedback Control

The system adjusts control strategies through real-time data to ensure the stability of
the robot’s operation in various environments [144–146]. In order to address the instability
of control during the forward movement of bionic robotic fish, a new bionic robotic fish
control framework was introduced [147]. The stability of the robotic fish was enhanced
using reaction wheels, and the control of tail swing and reaction wheels was coordinated
through the multiagent reinforcement learning (MARL) method. The experimental results
show that this method achieves precise motion control and stable swimming behavior,
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significantly improving the accuracy and stability of path tracking and reducing shaking.
In addition, in order to reduce physical labor in repetitive industrial tasks, auxiliary me-
chanical exoskeletons can be used, but due to the uncertainty of the dynamic environment,
precise control is difficult. Therefore, an exoskeleton control method combining fuzzy adap-
tive admittance control, barrier Lyapunov function (BLF), and neural network compensator
is proposed [148]. The system utilizes real-time interaction force and end effector speed
data to adjust the control strategy of the exoskeleton, ensuring stability and accuracy in
different environments and tasks. On the other hand, in order to assist robots in walking on
different surfaces, a Soft Terrain Adaptation and Compliance Estimation (STANCE) algo-
rithm is proposed [120]. This allows the robot to adjust its control strategy using real-time
ground feedback information without prior adjustment, which can help the robot adapt
to changes in different ground conditions, thereby ensuring the stability and adaptability
of the robot’s operation under different ground conditions. At the same time, in order to
enable quadruped robots to maintain dynamic stability and efficiency in complex terrains
while carrying heavy loads, a new method has been proposed that integrates adaptive
control into a force-based control system [149]. In order to improve the generalization abil-
ity of existing reinforcement learning on variable terrain, a versatile and computationally
efficient granular media model for reinforcement learning is proposed [142]. This method
includes a parameterized terrain model (Figure 6D) that can simulate various terrain types
from soft sand beaches to hard asphalt. In addition, an adaptive control architecture was
introduced (Figure 6E) that can automatically adjust the robot’s movements according to
changes in terrain, thereby improving its motion performance. Through this method, Raibo
robots have demonstrated their high-speed mobility on different terrains, such as soft sand
beaches, vinyl flooring, sports tracks, grasslands, and soft air cushions (Figure 6F).

4.2.3. Multi-Robot Coordination

By optimizing the collaboration between multiple robots through AI, the efficiency and
coordination of task execution can be improved, enhancing the overall functionality of the
system [150,151]. For example, in order to effectively achieve collaborative operation tasks,
a hierarchical control system is proposed [152]. The system includes three levels: adaptive
control, optimization control, and decentralized control. Each level has specific functions
to deal with the unknown characteristics of objects, terrain complexity, and coordination
between robots, achieving collaborative control of objects by quadruped robot teams in
uncertain environments. In addition, a new genetic programming hyperheuristic (GPHH)
method is proposed for the multipoint dynamic aggregation problem (MPDA) in multi
robot systems [153]. This method can automatically generate real-time reactive coordination
strategies to guide robots in executing dynamically occurring tasks. On the other hand,
practical problems are often considered multimodal optimization problems (MMOPs),
with the two main issues being the rational allocation of fitness evaluations (FEs) and
avoiding individuals falling into local optima. Therefore, a strengthening evolution-based
differential evolution with prediction strategy (SEDE-PS) is proposed to solve MMOPs
(Figure 6G) [143]. First, a neighbor-based evolution prediction (NEP) strategy is proposed
to accelerate convergence speed. Second, a prediction-based mutation (PM) strategy has
been introduced to enhance exploration and utilization capabilities. Finally, a strengthening
evolution (SE) strategy was proposed (Figure 6H). And the SEDE-PS algorithm was applied
to the actual multi robot task assignment (MRTA) problem, demonstrating its effectiveness
in solving practical optimization problems (Figure 6I).
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4.3. Human Machine Collaboration

Human–machine collaboration is a critical area in the development of robotics tech-
nology, focusing on enabling robots to work safely and effectively alongside humans. This
collaboration involves understanding human intentions, adapting to human actions, and
ensuring safety during interactions. In this section, we will explore cooperative control and
security monitoring and protection.

4.3.1. Cooperative Control

Cooperative control is one of the important directions for the development of robotics
technology. Through AI technology, robots can understand human intentions and make
appropriate responses, achieving collaborative work with humans and completing complex
tasks. Based on the characteristics of large scale, fast pace, and the obvious aging trend
of China’s older adult population, medical assistive devices for older adults that include
intelligent functions, such as assisted optimization of rehabilitation [154], nursing and daily
life [155,156], management of health data [157], and emotional voice communication [158],
are one feasible ways to solve problems related to care for older adults. In the industrial field,
human–machine collaboration is also a very important research hotspot. Robots should
be able to recognize human intentions and ensure safe and adaptive behavior along the
expected direction of motion. To this end, a Q-Learning-based Model Predictive Variable
Impedance Control (Q-LMPVIC) method was proposed [159], which aims to enhance
the performance of physical human–machine collaboration (pHRC) tasks, especially in
industrial applications.

4.3.2. Security Monitoring and Protection

Real time monitoring of the interactions between robots and humans through AI
technology ensures the safety of the collaborative process. The traditional momentum
observer (MOB) method is used to estimate externally applied forces, but its estimation
results are not accurate enough in the presence of model uncertainties, such as friction and
modeling errors. To address this issue, a method based on the Long Short-Term Memory
(LSTM) network has been proposed [121] that can effectively estimate external forces and
detect collisions, improving the safety and response accuracy of robots when cooperating
with humans, enabling robots to make timely and appropriate responses when facing
external impacts. In the absence of force/torque sensors, using a nonlinear disturbance
observer and Gaussian process estimation compensation zone to distinguish between
external disturbances and interactive forces can achieve accurate motion tracking and
compliance during interaction in complex tasks, ensuring the stability and safety of the
robot [160]. This intelligent collaboration capability has wide applications in fields such as
service robots and medical assistance, significantly improving the efficiency and safety of
coexistence and collaboration between robots and humans.

In summary, the application of artificial intelligence in robot intelligent control has
significantly elevated the autonomy and intelligence of robotic systems. By incorporating
advanced AI techniques such as reinforcement learning, adaptive control algorithms, and
deep neural networks, robots are now capable of more accurately perceiving their environ-
ment, optimizing navigation paths, coordinating complex movements, and collaborating
efficiently with humans. These advancements have not only improved the overall efficiency
and adaptability of robots but also provided robust technical support for the intelligent
development of various industries. For example, reinforcement learning algorithms enable
robots to learn optimal control policies through trial and error, adapting to changing con-
ditions in real-time. Deep neural networks, particularly convolutional neural networks
(CNNs) and recurrent neural networks (RNNs), have enhanced robots’ ability to process
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and interpret sensory data, leading to improved perception and decision-making. Adaptive
control algorithms further ensure that robots can adjust their behavior dynamically to
maintain stability and performance in various environments. The integration of these
AI-driven control mechanisms has opened new possibilities for the application of robots in
fields such as industrial automation, healthcare, and emergency response.

5. Summary and Outlook
Previously, AI and robotics technology have mutually promoted each other, and the

integration and development of the two have brought new perspectives to applications in
various fields. In terms of design, AI-driven optimization algorithms have facilitated the
creation of more efficient and adaptable robot structures. AI technologies, such as machine
learning and deep learning, have played an important role in enhancing robots’ environ-
mental perception and interpretation capabilities, thereby enhancing their abilities in object
recognition, navigation, and more. Control systems also benefit from the application of
AI, especially in dynamic and unstructured environments, where advanced algorithms
make control strategies more precise and adaptive. Current trends indicate a growing
emphasis on the integration of diverse AI methods, adaptive control strategies, and big
data technologies to enhance robot capabilities. Future research should focus on addressing
the challenges of real-time performance, computational efficiency, and safety, while also
exploring new applications and hybrid approaches to further advance the field. Therefore,
this article provides some prospects for future development directions.

First, through AI-driven generative design and optimization algorithms, the efficiency
of robot design will be significantly improved, the design cycle will be shortened, and
the design quality will be enhanced. For instance, generative design algorithms can
rapidly generate and optimize complex mechanical structures, while machine learning
models can predict and mitigate potential design flaws. However, the design process often
requires a large amount of computing resources, especially for deep learning and complex
simulations, which poses challenges to real-time performance and cost. The integration of
quantum computing [161], mobile edge computing [162], and other emerging technologies
is expected to significantly improve computing efficiency and response speed.

Second, convolutional neural networks (CNNs) have enabled robots to accurately
recognize objects in diverse environments, while recurrent neural networks (RNNs) have
improved their ability to process sequential data for real-time navigation. However, sensor
data often contains noise and errors, which can impede perception accuracy. To solve this
problem, sensor data can be preprocessed, combined with machine learning and deep
learning to automatically remove or adjust data. By fusing data from multiple sensors, the
robustness and accuracy of the system can be improved.

Third, ensuring the safety of robots working in collaboration with humans remains a
challenge in achieving human-machine cooperation. Establishing comprehensive safety
and reliability assessment frameworks, coupled with adaptive design principles, is essential.
For example, reinforcement learning algorithms enable robots to learn optimal control
policies through trial and error, adapting to changing conditions in real-time. Robots
equipped with adaptive control systems can detect human intentions and actions, adjusting
their movements accordingly to ensure safe and efficient collaboration.

In short, the integration of artificial intelligence in robot design, perception, and con-
trol has completely changed the field of robotics, enabling it to create advanced intelligent
systems that can perceive the environment, make wise decisions, and accurately and effi-
ciently perform tasks. The synergy between AI and robotics continues to drive innovation
and opens up new possibilities for developing powerful and versatile robot systems across
various industries.
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