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Abstract. With the development of human-computer interaction, virtual reality, 

and other fields, the importance of human posture estimation technology is 

becoming increasingly prominent. Traditional optical methods are limited by 

light, occlusion, and privacy issues, whereas wireless sensing techniques have 

become a core research direction owing to their non-invasiveness and 

environmental robustness. In this study, nine cutting-edge wireless sensing 

technologies based on millimeter-wave radar, through-wall radar, and WiFi 

signals were analyzed in terms of hardware suitability, signal processing 

frameworks, and deep learning model optimization strategies. Millimeter-wave 

radar technology forms a technological divide between accuracy, light weight, 

and multi-person robustness, whereas through-wall radar focuses on the balance 

between accuracy and generalization ability in walled scenarios, and WiFi signals 

show unique value in the smart home and security fields. The study points out 

that current technology faces challenges such as signal sparsity, insufficient 

cross-modal generalization, and high hardware cost, and explores typical 

application scenarios such as medical, healthcare, and industrial security. Future 

research can focus on self-supervised multimodal fusion, privacy-preserving 

frameworks, and dynamic adaptive algorithms, laying the technical foundation 

for 6G communication-sensing integration.. 

Keywords: Wireless sensing, Human posture recognition, Millimeter-wave 

radar, Through-wall radar, WiFi signals;. 

1 Introduction 

Human posture estimation, as a core technology of intelligent systems, plays a key role 

in human-computer interaction, virtual reality, intelligent security, healthcare, and other 

fields. In recent years, wireless sensing technology has become an important direction 

to overcome the bottleneck of traditional methods by virtue of its unique advantages, 

such as non-invasiveness, privacy preservation, and environmental robustness. This 

technology realizes attitude estimation by integrating deep learning algorithms through 

the reflection and diffraction features generated by different frequency bands of elec-

tromagnetic waves interacting with the human body, such as high-frequency millimeter 
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waves, low-frequency wall-penetrating radar, and WiFi signals, which show broad ap-

plication prospects in diverse scenarios, such as medical rehabilitation, smart homes, 

and industrial security. 

Existing wireless sensing technologies can be divided into three categories based on 

signal frequency bands: high-frequency millimeter-wave radar realizes high-resolution 

point cloud imaging with the help of short-wavelength characteristics to support joint-

level attitude reconstruction; low-frequency wall-penetrating radar relies on signal pen-

etration capability to realize wall tracking in obscured scenes; and WiFi signals are 

analyzed by multipath reflection to consider both communication and sensing func-

tions. However, these technology paths generally face common challenges, such as sig-

nal sparsity, noise interference, and insufficient cross-scene generalization ability, and 

the algorithm design is fragmented owing to the differences in signal characteristics, 

which urgently requires systematic sorting and optimization. 

This paper systematically reviews nine cutting-edge wireless sensing technologies 

based on millimeter-wave radar, through-wall radar, and WiFi signals, and analyzes 

them from the perspective of hardware adaptability, signal processing framework, and 

deep learning model optimization strategy, aiming to reveal the core frameworks, 

strengths and weaknesses, and applicable scenarios of the different technologies, ana-

lyze the current challenges, and look forward to the direction of future development to 

provide theoretical references for the landing of cross-scenario technologies. 

2 Typical technical analysis 

2.1 Typical technology analysis of millimeter wave radar 

mmPose-FK. mmPose-FK is a novel millimeter wave (mmWave) radar-based pose 

estimation method that employs a dynamic forward kinematics (FK) approach to ad-

dress the challenges posed by low resolution. At its core, the technique achieves high-

precision dynamic skeletal pose estimation through dynamic forward kinematic mod-

eling, point cloud feature enhancement, and time sequence stability optimization. It 

treats the human skeleton as a kinematic chain, directly predicts joint rotation angles, 

such as Euler angles or quaternions, with the help of deep learning, and generates con-

tinuous attitude sequences by combining with bone length constraints, thus ensuring 

that the attitude outputs conform to the laws of human kinematics. For sparse radar 

point cloud data, the technique employs volumetric processing to preserve 3D spatial 

relationships, whereas it extracts local and global features through multi-scale 3D con-

volution to enhance point cloud feature representation. For timing processing, bidirec-

tional long short-term memory (LSTM) is introduced to model timing dependencies 

and is combined with FK inverse solving to reduce noise-induced joint jitter and en-

hance the stability of the attitude sequence [1]. 

mmPose-FK has significant advantages, with high-precision characteristics, joint-

level error of less than 5 cm in single-target scenarios, suitability for medical rehabili-
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tation, and other scenarios with very high requirements for precision; based on FK con-

straints, the technology avoids posture inversion problems such as knee hyperextension, 

making the output results physically reasonable; it supports multimodal parameterized 

expressions such as joint rotation angle and bone length, and can be adapted to gait 

analysis, and supports multi-modal parameterization such as joint rotation angle and 

bone length, which can be adapted to diversified application requirements such as gait 

analysis and virtualized body drive. However, there are some limitations to this tech-

nique, such as high computational complexity due to voxelization and 3D convolution 

operation, and dependence on graphics processing unit (GPU) for real-time inference. 

Moreover, it needs to pre-calibrate the bone lengths, which is difficult to adapt to dy-

namic targets, such as children, due to the possibility of changes in the lengths of the 

bones. 

MobiRFPose. MobiRFPose is a lightweight 3D pose estimation technique that uses a 

two-stage detection-estimation framework that combines model compression tech-

niques with cross-view feature fusion to achieve lightweight 3D pose estimation. In the 

first stage, the technique quickly locates the center of the human body through a human 

localization network based on an anchor detector and crops local regions to reduce the 

input dimension and the amount of data for subsequent processing. In the second stage, 

it utilizes a lightweight 3D Convolutional Neural Networks (CNN) to process the re-

gion of interest and regress to the joint coordinates. To support mobile deployment, 

MobiRFPose adopts model compression techniques, such as channel pruning and quan-

tization, to compress the model volume to 268 KB.  Regarding the view angle limitation 

of a single horizontal radar in the vertical dimension, the technique implicitly captures 

the vertical dimension information through the signal diffraction property to realize 

cross-view feature fusion and compensate for the hardware deficiency [2]. 

The advantages of MobiRFPose lie in its high real-time performance, which can 

reach 66FPS on the central processing unit (CPU) side and can meet the demand of 

real-time interaction in a smart home. Its model parameter count is less than 1M, and 

the memory occupancy is only 3.2MB, which is a good adaptability for edge devices, 

and by simulating multipath noise through the data enhancement method, the technol-

ogy effectively improves the environmental robustness in different indoor and outdoor 

scenarios. However, MobiRFPose has some limitations. Owing to the limitation of the 

single-view angle, the vertical resolution is insufficient, the Z-axis error is approxi-

mately 11 cm, and the accuracy will be decreased in complex action scenes such as 

raising hands. When regions of interest overlap in a multi-person scene, it is easy to 

have the feature confusion problem, and the error will be increased by 15% in a multi-

person scene. 

RPM2.0. RPM2.0 is a novel framework that infers accurate multi-person 3D skeletons 

from commercial millimeter-wave radars. The technical core of RPM2.0 is multi-radar 

feature alignment, Spatio-Temporal attention network, and occlusion robustness design 

for coping with multi-person pose estimation scenarios. In terms of feature processing, 

RPM2.0 encodes horizontal and vertical radar signals into 3D voxels separately, which 
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are projected to a unified space through a coordinate transformation matrix for weighted 

fusion to achieve effective integration of multi-view features. The spatiotemporal at-

tention network contains two parts: spatial and temporal attention. Spatial attention 

models the nonlocal correlation between joints based on graph convolution and is able 

to recover the pose information of the occluded parts. Temporal attention uses the trans-

former to encode the long temporal dependency and optimize the action continuity. To 

improve the anti-obscuring ability, RPM2.0 adopts a dynamic masking training strat-

egy, which randomly masks some joints and forces the network to learn the contextual 

reasoning ability to accurately estimate the pose in an occluded scene [3]. 

RPM2.0 achieves an average accuracy of 125.3 mm in multiplayer scenarios through 

the spatiotemporal attention mechanism, supporting gesture estimation for intensive in-

teractions, such as handshaking and hugging. The architecture has outstanding occlu-

sion resistance, and the spatiotemporal attention mechanism only increases the error by 

8% under 50% occlusion. It also has cross-device generalization capability and can be 

adapted to different radar models, but there is a bottleneck of high computational com-

plexity: the multi-branch network architecture leads to a 200ms inference delay, mak-

ing it difficult to meet real-time tracking requirements. When the error of multi-radar 

time synchronization is more than 2ms, the fusion performance decreases by 20%. This 

contradiction between performance and cost highlights the core challenge of high-pre-

cision multi-person sensing systems in engineering applications. 

2.2 Typical technology analysis of through-wall radar 

ST²W-AP. ST²W-AP is a Spatio-Temporally separated 4D imaging radar framework 

whose technical core lies in efficient bulkhead attitude estimation and behavior recog-

nition through a Spatio-Temporal step-by-step strategy, deep echo domain compensa-

tion, and multi-task joint optimization. The technology system decomposes the 4D ra-

dar data into two dimensions of 3D spatial voxels composed of distance-orientation-

height and temporal features and extracts the spatial voxel features and temporal dy-

namic features through a cascaded 3D convolutional network and 1D temporal network, 

respectively, to avoid direct processing of high-complexity 4D data and to improve 

computational efficiency. In terms of signal compensation, technology utilizes deep 

learning to fit the signal attenuation model after wall penetration, replacing the tradi-

tional iterative algorithm, reducing the computational overhead by 90%, and effectively 

suppressing the wall reflection interference. In addition, the technology parallel outputs 

3D joint point pose estimation and action category behavior recognition through a 

shared spatial feature extraction layer and balances the multi-task learning weights with 

the help of a weighted loss function to achieve synergistic optimization of the two [4]. 

ST²W-AP technology has significant advantages, the single-target pose estimation 

error is only 73 mm, and the behavior recognition F1 score reaches 92.4% in the wall-

separated scene, which is a higher accuracy; the signal-to-noise ratio of the signal is 

increased by 8 dB after depth compensation, and the wall interference is greatly re-

duced; under GPU acceleration, the 4D data processing speed reaches 20FPS, which 

supports real-time monitoring of dynamic scenes. However, its limitation is the weak 
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multi-target processing ability: the pose error increases to 125 mm in the 3-person 

scene, and the behavior recognition accuracy decreases by 12%, which relies on the 

pre-calibrated data of wall thickness and material, and the compensator needs to be re-

trained for cross-scene migration, so the flexibility is limited. 

Dual-Task Network Framework. The dual-task joint learning framework achieves 

synergistic optimization of pose reconstruction and behavior recognition through a fea-

ture sharing mechanism, dynamic loss balancing, and temporal modeling. The frame-

work adopts ResNet 3D as the backbone network to extract radar voxel features, and 

the branch network regresses 3D joint coordinates for pose estimation and outputs ac-

tion category probabilities for behavior recognition to reduce redundant computation 

through feature sharing. In loss function design, homoscedastic uncertainty is intro-

duced to automatically adjust the weights of attitude and behavior recognition to avoid 

an imbalance between tasks. For the temporal characteristics of behavior recognition, 

a gated recurrent unit (GRU) module is added to the branch network to capture the 

temporal correlation of successive actions, such as "fall-down-get-up," to improve the 

recognition ability of dynamic actions [5]. 

Its advantages are obvious task synergy effect, gesture reconstruction can assist be-

havior recognition, in the "hand up alarm" and other composite action recognition ac-

curacy increased by 15%; shared features to reduce the model's dependence on the 

amount of data, in small sample scenarios better than the performance of the single-

task model; model parameter count is only 5.2M, lightweight design to adapt to the 

edge of the computing device. The model parameter count is only 5.2M, and the light-

weight design is suitable for edge-computing devices. However, the framework has the 

problem of task conflict, and the pose accuracy and behavior recognition target may 

constrain each other in extreme scenes such as fast motion, resulting in error amplifi-

cation; and the occlusion scene is not explicitly modeled, and when the proportion of 

occlusion reaches 50%, the accuracy of behavior recognition decreases by 25%, and 

the robustness needs to be improved. 

MIMDSN. MIMDSN is a mutual information maximizing deeply supervised network 

that improves the anti-obscuration capability and cross-domain generalization of bulk-

head attitude estimation through cross-modal mutual information maximization, a deep 

supervisory mechanism, and non-local attention. The core of this technique is the use 

of contrast learning to align the mutual information of radar features and optical 

pseudo-labels generated by multiview cameras to enhance the discriminative nature of 

the features so that the model can extract effective attitude information from noise. 

Simultaneously, supervisory signals are injected at the intermediate network layer to 

constrain the geometric consistency of shallow features with the coordinates of the 

joints, ensuring that feature learning conforms to the human structure a priori. A self-

attention module is introduced into the decoder to construct a non-local attention mech-

anism to model the long-range dependencies between joints, such as "left shoulder-

right hip,” and recover the pose information of the occluded parts [6]. 
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The significant advantages of this technique are outstanding occlusion resistance, 

which can still recover a reasonable attitude in 80% occlusion scenarios; the error is 

controlled within 150 mm; the technique does not need to be retrained when migrating 

across domains, and the error only increases by 8% from concrete walls to new envi-

ronments, such as brick walls, which is a strong generalization; the feature visualization 

of this technique shows that the joints' heat maps are highly aligned with the optical 

data, and the model interpretability is better. However, its limitation is the strong de-

pendence on optical pseudo-labeling: if the optical calibration error is more than 20 

mm, it will be directly transferred to the radar model to affect the accuracy. In addition, 

mutual information comparison learning substantially increases the computational cost, 

and the training time is extended by three times compared with the traditional method, 

which requires high hardware resources. 

2.3 Typical technology analysis of WiFi signal 

Person-in-WiFi3D. Person-in-WiFi3D is an end-to-end multi-person 3D pose estima-

tion technique based on a transformer, and its technical core lies in the realization of 

end-to-end multi-person 3D pose estimation through multi-receiver signal fusion, trans-

former architecture, and dynamic link selection. This technology deploys three WiFi 

receivers with orthogonal layouts to capture 3D spatial reflections by utilizing the dif-

fraction characteristics of the multilink signals, which effectively enhances the vertical 

resolution and compensates for the natural limitation of WiFi signals in the Z-axis di-

rection. In signal processing, the transformer architecture is adopted: the encoder 

chunks channel state information (CSI) signals into Spatio-Temporal tokens, extracts 

global contextual features through a multi-head self-attention mechanism, and captures 

complex signal correlations in multi-person interactions; the decoder interacts with the 

encoded features through a learnable query and directly regresses to the 3D joint coor-

dinates of multi-person interactions, avoiding the error of the traditional method of con-

verting a heatmap to coordinates and avoiding the accumulation problem of heatmap-

to-coordinate conversion in traditional methods. In addition, a dynamic link selection 

strategy is designed based on the signal-to-noise ratio of the signal, which adaptively 

weights the contributions of different links, suppresses environmental interference such 

as the multipath effect, and improves the reliability of the features [7]. 

Its advantages are reflected in the good support for multi-person scenes, which can 

track 3 people at the same time, and the average joint error is 125.3 mm in 3-people 

scenes to meet the needs of multi-people interaction scenes; the model volume is only 

3.2MB, and the GPU inference speed reaches 22FPS, which is both highly efficient and 

lightweight; the technology relies on the amplitude information of the CSI signals only, 

and there is no need for visual data acquisition, which guarantees user privacy from the 

bottom of the technology. However, owing to the limitation of the WiFi signal wave-

length, the vertical resolution is insufficient, and the error of the Z-axis is approximately 

150 mm. In the dense overlapping scene of multiple people, the query mechanism is 

prone to feature confusion, which leads to an increase of 30% in the error, and the 

performance of complex occlusion scenarios needs to be improved. 
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Widar 3.0. Widar 3.0 is a zero-sample cross-domain gesture recognition technique 

which realizes zero-sample cross-domain gesture recognition by means of body-coor-

dinate velocity profile (BVP), contrast learning alignment and dynamic noise suppres-

sion. The core of the technique is to extract the domain-independent velocity distribu-

tion of the target motion based on the Fresnel diffraction model, which eliminates the 

effect of the environment and positional differences and enables the model to adapt to 

different scenarios from laboratory to home. Comparative learning with the EI and 

Cross-Sense framework maximizes the mutual information between BVP features and 

gesture categories, enabling cross-environmental migration without re-training and 

overcoming the limitations of the traditional method that relies on scene-specific data. 

Simultaneously, a dynamic noise suppression mechanism is designed based on the BVP 

energy distribution, which automatically detects irrelevant human movements such as 

walking and shields interfering signals to improve the purity of gesture recognition [8]. 

The significant advantages of this technology are strong cross-domain generalization 

ability, cross-environment recognition accuracy can reach 82.6%-92.4%, truly realizing 

"one-time training, all-domain application"; Widar3.0 adopts a lightweight CNN archi-

tecture, inference latency <10ms, adapted to low-level arithmetic edge equipment; this 

technology through BVP Personalized encoding distinguishes the gesture styles of dif-

ferent users, with an accuracy rate of 88.9% in multi-user scenarios. However, the lim-

itation is that the action granularity is coarse, only supports 15 basic gestures such as 

waving and clapping, and has insufficient recognition ability for complex continuous 

actions such as writing and typing. Relying on the amplitude of gesture movement, 

small actions such as finger micro-movement are prone to false detection due to weak 

signal characteristics. 

WiFense. WiFense focuses on boundary crossing detection, and its core technologies 

include Fresnel diffraction signature analysis, dynamic link selection algorithms, and 

automatic gain control (AGC) feature enhancement. The technology utilizes the dif-

fraction signal changes generated when a target traverses a WiFi transmit-receive link 

to extract rayleigh distribution in fresnel diffraction model (RFD) features to construct 

a boundary-crossing event detection model without relying on visual or contact sensors. 

Through the dynamic link selection algorithm, the most sensitive link is automatically 

screened according to the link state to enhance the robustness of detection in complex 

environments. Combined with the sudden change characteristics of the automatic gain 

control signal during occlusion, it enhances the ability to differentiate between the real 

boundary-crossing behaviors and the environmental noise, and reduces the false alarm 

rate[9]. 

Its advantages include high detection accuracy, >89% detection accuracy in home 

scenarios, and false alarm rate <5%. To meet the reliability requirements of security 

monitoring, the technology's processing delay is <50ms, supporting real-time alarm re-

sponse, suitable for emergency scenarios. WiFense adopts an unsupervised learning 

approach to modeling the RFD feature distribution, without the need to manually label 

the data, significantly reducing the cost and time of deployment. WiFense adopts unsu-

pervised learning to model the RFD feature distribution without manual labeling of the 

data, which greatly reduces the deployment cost and time. However, this technology 
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has a single function, which can only determine whether the target is out of bounds or 

not and cannot provide detailed information such as posture and movement. The detec-

tion range of a single link is limited, and it is necessary to deploy multiple devices to 

extend the coverage area, which increases the complexity of hardware deployment. 

3 Challenges 

3.1 Technical bottlenecks and physical limitations 

Wireless sensing technology faces multiple challenges in terms of signal characteriza-

tion and cross-modal fusion. First, signal sparsity and noise interference are significant 

problems, making it difficult to capture details of complex movements, and dynamic 

noises are prone to false detections. WiFi signals are affected by the multipath effect, 

and signal superposition in multi-person scenarios can lead to feature confusion. In ad-

dition, the signal attenuation of through-wall radar creates a significant constraint on 

the detection capability of weakly reflective targets. 

Second, the problem of insufficient cross-modal generalization capability must be 

addressed. Existing models perform erratically when migrating across devices or sce-

narios, which usually needs to be mitigated. Meanwhile, the intrinsic differences in 

feature dimensions between signals result in the absence of a unified characterization 

framework, contributing to the limitation of early multimodal fusion schemes. In terms 

of privacy and ethical controversies, wireless sensing technologies may leak user iden-

tities through biometric features, highlighting the need for privacy protection mecha-

nisms. 

3.2 Hardware and deployment costs 

The high cost and complex deployment at the hardware level constrain the populariza-

tion of the technology. The problem of high-precision equipment dependence is partic-

ularly prominent, which seriously hampers promotion in home scenarios. The deploy-

ment of multi-antenna WiFi arrays is also challenging, significantly increasing the com-

plexity of technology landing. In terms of the contradiction between energy consump-

tion and real-time performance, high-precision models require significant power, 

whereas edge computing devices have limited processing speed, making it difficult to 

satisfy real-time security requirements. Although low-power models achieve certain 

capabilities, they have performance defects, indicating that the current technology still 

needs improvement in balancing performance and energy consumption. 

3.3 Algorithm Robustness 

The robustness of algorithms in complex scenes must be improved urgently. In dynamic 

occlusion and multi-person interaction scenarios, the dense overlapping of targets 

causes feature overlapping effects. Existing methods still have limitations. In wall pen-

etration scenarios, phenomena generated by multiple reflections can interfere with real 
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target localization. There are obvious shortcomings in cross-body type and action gen-

eralization ability. Physiological characteristic differences significantly impact model 

adaptability and increase recognition error. For unconventional action patterns, the al-

gorithm is prone to misjudgment due to lack of relevant samples, restricting reliable 

application in diverse scenarios. 

4 Application scenarios 

4.1 Medical health and rehabilitation monitoring 

Wireless sensing technology provides a new path for precision medicine through non-

contact monitoring in the field of healthcare. In postoperative rehabilitation assessment, 

mmPose-FK, a millimeter-wave radar technology, can monitor the flexion and exten-

sion angles of knee replacement patients in real time with a precision of ±1.5°, which 

is significantly better than the ±5° error of manual measurement owing to its high pre-

cision. It generates continuous posture sequences through dynamic forward kinematics 

modeling and automatically generates a rehabilitation report after the data are uploaded 

to the cloud in real time, assisting the doctor in formulating a personalized rehabilitation 

plan. 

In respiration and sleep monitoring scenarios, WiFense, a WiFi signal, and millime-

ter-wave radar form a complementary technology. WiFense detects respiration rate by 

capturing micromotion signals from the chest cavity, with an error of <0.5 breaths/min, 

and combined with the millimeter-wave radar's ability to monitor sleep postures, it can 

effectively identify sleep apnea syndromes. This non-contact solution avoids the dis-

comfort of electrode patches on the human body and is especially suitable for sensitive 

scenarios, such as neonatal monitoring, which improves monitoring comfort while safe-

guarding data accuracy. 

4.2 Smart home and human-computer interaction 

Widar3.0 is based on the domain-independent speed characteristics of WiFi signals to 

realize cross-room gesture control, such as "sliding in the air" to adjust the temperature 

of air conditioning with an accuracy of 92%, and supports user-defined gestures, such 

as It also supports user-defined gestures, such as "clench fist" to trigger the command 

to turn off the lights, which greatly improves the naturalness of interaction. This tech-

nology avoids uploading raw signals by locally processing the hash value of gesture 

features, which protects the user's privacy in terms of mechanism. 

To meet the needs of elderly monitoring, the wall-penetrating radar ST²W-AP rec-

ognizes fall events by detecting sudden changes in acceleration and falling to the 

ground in a stationary state and triggers an alarm within 5 s, with a measured false alarm 

rate of <3% in nursing home scenarios. Compared with the traditional camera solution, 

it does not require visual data collection, avoids privacy invasion, and can work stably 

at night in a lightless environment, providing a safe and reliable non-contact monitoring 

solution for senior living scenarios. 
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4.3 Industrial security and emergency response 

In the industry and security fields, wireless sensing technology exhibits high robustness 

and real-time advantages. WiFense is based on Fresnel diffraction characteristics to 

delineate the electronic boundaries of hazardous areas, such as robotic arm operations, 

and triggers an emergency stop response when the personnel cross the boundaries, with 

a delay of <50ms, and a false alarm rate of <2%, as measured by the Siemens factory 

in Germany. Its extended application can penetrate chemical plant protective clothing 

to monitor vital signs and provide technical support for toxic gas intrusion detection, 

considering both safety and practicality. 

In disaster rescue scenarios, the wall-penetrating radar MIMDSN with its cross-

modal mutual information maximization technology can penetrate 2-meter-thick con-

crete to detect the breathing signals of trapped people, and the joint UAV positioning 

efficiency is 50% higher than that of infrared thermal imaging. With its anti-obscuration 

design and cross-domain generalization capability, the technology can quickly lock the 

signs of life in complex environments such as ruins and buying golden time for emer-

gency rescue. 

4.4 Virtual reality and the metaverse 

Wireless sensing technology provides innovative solutions for low-cost motion capture 

and cross-space interaction. Person-in-WiFi 3D utilizes CSI signals from home routers 

to replace $10,000 optical motion capture systems to drive virtualized bodies, with a 

joint positioning error of <5 cm, and supports the plug-in deployment of the Steam VR 

platform. Independent game studio practice shows that this solution reduces full remote 

motion capture development costs by 80%, promoting lightweight and popularization 

of virtual content creation. 

Millimeter-wave radar RPM2.0 combines multi-view fusion and Spatio-Temporal 

attention mechanism to capture real actions and render virtual scenes in real time 

through generative modeling, realizing cross-space interaction experiences such as 

"high-five,” supplemented with ultrasonic arrays to simulate haptic feedback, and en-

hancing the immersion of meta-universe scenes. Its high-precision performance in in-

tensive multi-person interactions lays the technical foundation for virtual socialization, 

remote collaboration, and other applications. 

5 Future directions 

The future of wireless sensing technology will focus on multimodal fusion, privacy 

protection, and intelligent adaptation, breaking through signal characteristics and scene 

landing bottlenecks. Multi-modal unified characterization integrates millimeter wave, 

WiFi, and through-wall radar data through self-supervised learning to construct a cross-

modal universal model, break the fragmentation of the technology, and realize the gen-

eralization ability of "one training, multi-source compatibility”[10]. 
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The privacy protection mechanism will be deepened to the physical layer through 

the edge of the signal desensitization, such as joint code hashing and RF noise finger-

printing injection, to block the identity back-propagation path from the source and en-

sure that the closed-loop experience of "perception is privacy and security.” 

Cross-scene adaptive technology relies on federated learning and physical a priori 

constraints to achieve rapid model "zero sample" migration, combined with dynamic 

gradient optimization to reduce the cost of cross-domain deployment and to promote 

plug-and-play technology in factories, hospitals, and other scenarios[11]. 

Intelligent noise robustness dynamically adjusts the data enhancement strategy 

through real-time environment sensing to adaptively cope with complex disturbances, 

such as industrial noise and home multipaths, to improve the stability and reliability of 

the model in real scenes[12]. 

Along with the evolution of 6G communication and perception integration, wireless 

perception technology will integrate multidisciplinary innovations and become the in-

frastructure of an intelligent society, providing more ubiquitous and secure underlying 

support for scenarios such as digital twins and meta-universe. 

6 Conclusion 

This study focuses on wireless sensing human gesture recognition technology and re-

views the research background, typical technology, challenge analysis, and application 

scenarios. 

Millimeter-wave radar technology presents differentiated development paths in the 

triad of "high accuracy - light weight - multi-person robustness"; specifically, mmPose-

FK achieves medical-grade accuracy through complex algorithm design, MobiRFPose 

promotes the popularization and application of smart home scenarios with the help of 

model compression technology, and RPM2.0 adopts a multi-view fusion strategy to 

effectively solve key challenges in multi-person interaction scenarios. and RPM2.0, 

adopts a multi-view fusion strategy to effectively solve the key problems in multi-per-

son interaction scenarios. 

Through-the-wall radar technology expands application boundaries by balancing ac-

curacy and generalizability, in which ST²W-AP innovatively adopts a Spatio-Temporal 

separation architecture to achieve real-time multitasking capability, and MIMDSN sig-

nificantly improves anti-obscuration performance through cross-modal comparison 

learning mechanisms, which makes through-the-wall sensing reliable in complex envi-

ronments, such as security rescue. 

WiFi signaling technologies form characteristic solutions for differentiated scenario 

requirements. Person-in-WiFi3D breaks through and solves the technical bottleneck of 

multi-person gesture estimation, Widar3.0 innovates the zero-sample cross-domain 

gesture recognition paradigm. WiFense realizes the feasibility of border monitoring 

through cost-optimized solutions. 

In terms of signal characterization, millimeter-wave point cloud sparsity and WiFi 

multipath interference constitute physical constraints on sensing accuracy; the lack of 

cross-modal generalization capability leads to model performance degradation; and 
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there is a privacy risk from biometric leakage. Future research should rely on self-su-

pervised learning to build a cross-modal unified characterization framework and com-

bine it with physical a priori knowledge to improve the adaptability of the algorithm. 

Hardware deployment needs to solve the contradiction between cost and energy con-

sumption, and the co-optimization of lightweight models and edge computing is key. 

Feature extraction needs to deepen the desensitization and counter RF fingerprinting 

techniques. Multi-modal fusion, a dynamic adaptive computing enhancement strategy, 

and an incremental federated learning framework are also needed to promote wireless 

sensing technology to realize scale landing. 
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