
 

Research and Analysis of Behavioral Gesture Recognition 

Technology Based on Wireless Perception 

Jiacheng Li 

School of Artificial Intelligence, Hubei University, Wuhan, Hubei, 430062, China 

202431121010006@stu.hubu.edu.cn 

Abstract. With the rapid development and continuous progress of wireless 

communication technology, the role played by wireless perception technology in 

the field of behavior and gesture recognition has become increasingly important 

and prominent. Therefore, this paper summarizes several current behavior and 

attitude recognition technologies based on wireless perception and systematically 

combs and analyzes them. It is found that the recognition accuracy of CeHAR is 

higher than that of the best recognition method before. AFEE-MatNet can 

significantly shorten the training time and address the limitations of retrained 

models using Wi-Fi CSI data in new environments. CNN-ABLSTM achieves 

high recognition accuracy in a variety of environments. The average accuracy of 

DPWiT for the localization of the start and end time and category of the activity 

far exceeds that of the baseline model. WiPhase reduces the computational 

complexity and the number of model parameters. Therefore, the above methods 

can be flexibly selected according to the performance requirements of different 

application scenarios. 
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1 Introduction 

 

Whether it is 5G or 6G technology in the future, it not only needs high-speed data 

transmission ability, but also needs wireless perception function. At present, WiFi-CSI-

based wireless perception behavior recognition technology is widely used in many 

fields and has important value. For example, the behavior and posture recognition 

technology based on wireless perception can detect the fall of the elderly, so as to notify 

the family members of the rescue in time, effectively reducing the risk caused by the 

fall. The operation behavior of workers can be detected to avoid accidents caused by 

improper operation. In the field of smart homes, the automatic adjustment of household 

appliances can be realized by recognizing people's behavior and facial expressions. At 

present, the main methods of posture recognition are visual image analysis based on 

captured behavior and signal analysis based on wearable devices. However, there are 

some problems in visual image analysis, such as privacy, monitoring blind spots, and 

vulnerability to environmental interference. Wearable devices have problems such as 

forgetting to wear, high cost, and difficulty in applying to long-term health monitoring. 

The Wireless Device-Free Human Perception technology based on CSI and RSSI can  
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realize non-intrusive human behavior and posture monitoring through wireless signals, 

which does not require users to wear devices, improves convenience, and also plays a 

role in protecting privacy, filling the technical gap of traditional device-dependent and 

visual perception.  

This study systematically combed and compared five typical wireless perception be-

havior and posture recognition methods based on Wi-Fi CSI, such as CeHAR, AFEE-

MatNet, CNN-ABLSTM, WiPhase and DPWiT, and carried out in-depth analysis from 

the aspects of technical principles, performance indicators, advantages and disad-

vantages and application scenarios. On this basis, the current challenges and coping 

strategies are sorted out. Finally, future research directions such as multi-modal fusion, 

cross-domain transfer learning and model lightweight are proposed, which provide a 

comprehensive and targeted reference for researchers and engineering practice in this 

field. 

2 Analysis of Typical Techniques 

2.1 CeHAR 

CeHAR employs a scaling factor of batch Normalization as a criterion for every related 

channel and dynamically switches channels between subnetworks of magnitude and 

phase.To achieve the depth fusion of amplitude and phase, a feature channel's scaling 

factor is substituted with another feature's information at the same location when it ap-

proaches zero. Figure 1 depicts the structure of the CeHAR system, which primarily 

consists of four modules: The module for radio map construction, the feature extraction 

module, the depth fusion module and the classification module. The module for radio 

map construction is used to record the measurements of amplitude and phase, prepro-

cess the measurement results and construct the radio map using the related position. 

The module for feature extraction uses ResNet50 as the backbone to train two subnet-

works, amplitude and phase. The module for deep fusion uses the scaling factor of batch 

Normalization to determine the position of the exchange and fusion channel between 

the two subnetworks, and then exchanges the channels of the two subnetworks, and 

dynamically integrates the amplitude and phase. At the same time, the convolutional 

filters are shared; however, the private batch Normalization layers are kept with differ-

ent features, so that the feature fusion network is almost as compact as the single feature 

network, and the efficiency and accuracy are balanced. The module for classification 

uses SoftMax to output activity categories. In the offline phase, the training dataset is 

used to train the model. In the offline phase, the model is trained, and in the online 

phase, the real-time CSI is input into the model to forecast the activity. 
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Fig. 1. CeHAR structure [1]. 

This method has high recognition accuracy, good generalization performance, high 

efficiency of online testing of the model, and low time cost. In the confusion matrix of 

CeHAR and the baseline methods in the office environment, the recognition accuracy 

of CeHAR for all actions is more than 90%. In the two test environments, CeHAR 

enhances the overall accuracy by 2.9% and 6.6%, respectively, compared with the pre-

vious best model ABLSTM, which indicates that its channel exchange and parameter 

sharing mechanism effectively enhance the generalization performance. Experiments 

based on office area data show that the training time of the deep learning model is much 

faster than that of the machine learning algorithm DWT-RF, but in the offline phase, 

the training is only performed once. The online inference time for CeHAR can fulfill 

real-time application needs, and its time overhead is lower than other models, reflecting 

higher efficiency [1] 

2.2 AFEE-MatNet 

The structure of AFEE-MatNet is shown in Figure 2, which consists of three main mod-

ules: CSI acquisition, CSI preprocessing, and activity recognition based on MatNet-

PCC. In the CSI acquisition module, the Intel 5300 network interface Card is used to 

collect CSI data changed by human activities according to IEEE 802.11n. Each trans-

ceiver antenna pair has 30 subcarriers. In the CSI preprocessing module, the AFEE 

method is proposed. Firstly, conjugate multiplication and PCA are used to remove noise 

and irrelevant data to overcome phase offset, and then the FFT transformation is per-

formed on the processed data to discard the high-frequency and zero-frequency parts to 

reduce the data dimension. In the activity recognition module based on MatNet-PCC, 

the MatNet architecture uses CNN and LSTM to automatically learn cross-environment 

transferable features and minimizes the loss function with multi-source environmental 

data during training. PCC corrects recognition errors based on the behavior state tran-

sition diagram and confusion matrix. 
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Fig. 2. Structure of AFEE-MatNet [2]. 

The innovation of our method is that the model can be directly used in new environ-

ments without retraining, while only requiring a limited quantity of source environ-

ments for training. Six types of activities are recognized in three new test environments, 

and AFEE-MatNet performs noticeably better than the other three sensing techniques 

in all environments, showing the advantage of directly adapting to new environments 

with no retraining. At the same time, compared with the scheme without AFEE, the 

training time is shortened by 75.2% after introducing AFEE, which significantly im-

proves the recognition efficiency and reduces the training cost [2]. 

2.3 CNN-ABLSTM 

The structure of CNN-ABLSTM is shown in Figure 3, which is divided into a physical 

layer and a network layer. The physical layer is responsible for CSI data acquisition 

and preprocessing. The network layer was composed of CNN and ABLSTM. The CNN 

three-layer convolution extracted spatial features, and the BLSTM in ABLSTM ex-

tracted temporal features, which were weighted and fused through the attention layer. 

Finally, the activity labels are classified and output by SoftMax. 

 

Fig. 3. CNN-ABLSTM structure [3]. 

CNN-ABLSTM introduces a model of an attention mechanism, which can inde-

pendently determine each parameter's significance and assign greater weight to those 
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that are more crucial to improve the stability of the model when the environment or 

dataset changes. The proposed method reduces the computational complexity and en-

hances the robustness. In the comparison of the ultimate accuracy of each algorithm, 

CNN-ABLSTM is significantly higher than other methods. At the same time, a com-

parison is made regarding the recognition accuracy between CNN-ABLSTM and CNN-

BLSTM. In the absence of the attention layer, CNN-BLSTM has no significant ad-

vantage, which further proves that perception performance can be effectively enhanced 

by adding the attention layer. CNN-ABLSTM has an accuracy of more than 96%-97% 

on the training set, which shows excellent performance. More importantly, when the 

label is extended from 7 classes to 12 classes and the scene is changed from single 

person to group interaction, the precision of each action recognition is still high, which 

reflects excellent robustness [3]. 

2.4 2.4 WiPhase 

The structure of WiPhase is shown in Figure 4. Firstly, the CSI is filtered by a Butter-

worth low-pass filter, and then the signals related to the activity are separated by 

EEMD. Then the most relevant subcarriers are extracted by SSP, and the sparse CSI is 

reconstructed into CSI-PIR and phase map, respectively. The Gated Pseudo-Siamese 

network (GPSiam) and Graph Attention Network (DRGAT) were input, and finally, 

the decision fusion module (DD) integrated them to output the activity judgment. 

 

Fig. 4. WiPhase structure [4]. 

The dual-feature stream fusion architecture solves the problem of ignoring the com-

plex correlation of subcarriers in traditional methods, and has low computational com-

plexity, higher model efficiency, and strong cross-domain generalization ability. Wi-

Phase performs well with a variety of commonly used methods on dataset1. Further 

tested under dataset2, the accuracy of other methods decreases, while WiPhase still has 

the highest recognition accuracy, which proves its excellent accuracy in HAR tasks. In 

addition, WiPhase saves the training time by at least 40.34%, reduces the computational 

complexity by 46.74%, and reduces the number of model parameters by 36.61%. Under 

CCD conditions of different test sets, the accuracy of other models significantly de-

creases, while WiPhase only slightly decreases, but still maintains at 90.571%, showing 

excellent cross-domain generalization ability [4]. 
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2.5 DPWiT 

The framework of DPWiT is shown in Figure 5. The input signal is passed through 

three CGR layers in turn to extract primary features, and then fed into the double pyra-

mid temporal context modeling module, which includes Temporal Signal Semantic En-

coder (TSSE) and Locality Sensitive Response Encoder (LSRE). The TSSE consists of 

a Transformer branch and a Conv-Pool branch, which are used to learn low frequency 

and high frequency respectively. These functions are integrated by ContraNorm nor-

malization. LSRE uses channel Windows to slide on the time axis to extract regional 

information, and capture signal fluctuations in a learning-free manner. In this way, it 

achieves faster processing speed and lower memory usage. The aggregated features are 

mapped to a more robust discriminant space by MLP, and the functions of the latter 

two encoders are aligned by a cross-attention pyramid fusion mechanism. Finally, the 

detection results of the head are predicted for training and inference. 

 

Fig. 5. DPWiT structure [5]. 

This method can process long-term untrimmed and continuous WiFi CSI signals, 

which is suitable for long-term monitoring. It can accurately locate the start and end 

time of activities and activity categories, and has low computational complexity and no 

learning mechanism. At a high tIoU threshold (0.7), the mAP of DPWiT reaches 54.5, 

far exceeding the baseline model's 40.1, and the overall average mAPavg is 74.5, which 

is significantly ahead of all baselines, indicating that the model can accurately classify 

and accurately locate the activity time series boundary at the same time, which is supe-

rior to all baselines [5]. 

3 Challenge Analysis 

Although CeHAR fuses CSI amplitude and phase features through the channel ex-

change mechanism, it relies on BN scaling factor to judge channel importance, which 

may cause feature selection bias in complex environments. A possible solution is to 

increase feature complementarity evaluation based on mutual information to avoid the 
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dominance of a single feature. At the same time, although its shared parameter mecha-

nism reduces the amount of calculation, the training cost of the dual-channel network 

structure is higher than that of the single feature model, so replacing the traditional 

convolution with the depthwise separable convolution to reduce the number of param-

eters may have certain improvement [6].  

Although AFEE-MatNet does not need re-training and can be used directly in new 

environments, when the source environment is insufficient, the recognition accuracy 

will be significantly reduced. A possible solution is to combine meta-learning, such as 

MAML algorithm, so that the pre-trained model can learn fast adaptation ability on 

multiple source environments, so that it can be fine-tuned with only a small number of 

new environment samples [7].  

Although CNN-ABLSTM introduces an attention mechanism to improve key fea-

ture focus, in small sample scenarios, the weight of attention may be biased towards 

noise or a few samples, and the introduction of contrastive learning may improve sta-

bility [8]. 

In this study, WiPhase does not consider the decoupling of multi-target signals. Spe-

cifically, the experiment is mainly for single-user scenarios, but multi-user activities 

will lead to signal superposition, which may reduce the feature discrimination of CSI 

phase difference and phase ratio, and it may be feasible to introduce multi-target signal 

separation algorithm to improve accuracy. 

DPWiT only verifies a few daily activities in the experiment, but when extended to 

more fine-grained actions, the classification accuracy of the feature pyramid may de-

crease, and using 3D-CNN to improve the discrimination ability of similar actions may 

have a certain effect [9]. 

4 Application Scenarios 

Human activity recognition technology based on Wi-Fi CSI is widely used in many 

fields. For example, in a smart home, the WiFall fall detection system uses commercial 

WiFi equipment to collect CSI data, and analyzes the signal multipath propagation 

changes caused by sudden changes in height when the human body falls. After data 

filtering and dimension reduction, the machine learning algorithm is used to realize 

non-contact fall detection [10]. In medical health, non-intrusive breath detection based 

on commercial WiFi can be realized. Wang et al. proposed to use the Fresnel zone 

model to convert chest respiratory motion into WiFi signal path changes, and extract 

respiratory rate through CSI data processing and frequency diversity [11]. In the aspect 

of intelligent transportation, the WiDriver system based on WiFi CSI can analyze the 

influence of the driver's hand and arm movements on the multipath propagation of WiFi 

signals, and use BP neural network to identify the static posture and DCFA model to 

track the rationality of continuous motion sequence. Combined with the time interval, 

amplitude stability and other characteristics of the action, whether the driver is tired 

driving can be monitored [12]. 
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5 Conclusion 

The five methods analyzed above in this study have different advantages in recognition 

accuracy, environmental adaptability, robustness, model efficiency, start and end time 

and category of localization activities. Therefore, according to the required high per-

formance in the environment, the possibility of realization can be improved by selecting 

the appropriate method mentioned above. At the same time, the methods discussed in 

this paper provide a comprehensive and targeted reference for researchers and engi-

neering practice in this field. In the current era of rapid development of wireless com-

munication technology, HAR based on Wi-Fi signals is at the forefront of technological 

development, which indicates that the interaction between humans and the digital do-

main will be more seamless and intuitive. It also means that researchers will pay more 

efforts to explore in the future. The core direction of future research covers the follow-

ing three aspects. Firstly, multimodal fusion technology aims to build a cross-modal 

complementary model to overcome the limitations of single-modal information. Sec-

ondly, cross-domain transfer learning is introduced to enhance the generalization per-

formance of the algorithm in diverse application scenarios by introducing self-super-

vised learning and meta-learning mechanisms. Finally, the model is lightweight, which 

aims to adapt to the limitations of edge devices in memory and computing resources 

through the optimization of deep network structure. 
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