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 Ubiquitous computing aims to seamlessly integrate computing into our daily 

lives, and requires reliable information on human activities and state for 

various applications. In this paper, we propose a device-free human activity 

recognition system that leverages the rich information behind WiFi signals to 

detect human activities in indoor environments, including walking, sitting, 

and standing. The key idea of our system is to use the dynamic features of 

activities, which we carefully examine and analyze through the characteristics 

of channel state information. We evaluate the impact of location changes on 

WiFi signal distribution for different activities and design an activity detection 

system that employs signal processing techniques to extract discriminative 

features from wireless signals in the frequency and temporal domains. We 

implement our system on a single off-the-shelf WiFi device connecting to a 

commercial wireless access point and evaluate it in laboratory and conference 

room environments. Our experiments demonstrate the feasibility of using 

WiFi signals for device-free human activity recognition, which could provide 

a practical and non-intrusive solution for indoor monitoring and ubiquitous 

computing applications. 
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1. INTRODUCTION 

Human activity recognition (HAR) is a key challenge in context-aware computing and has important 

applications in various fields, including healthcare, security, and home automation. HAR involves identifying 

and classifying human activities based on sensor data collected from the environment. The goal of HAR is to 

provide automated monitoring and analysis of human behavior, which could be used for improving life quality, 

enhancing safety and security, and providing personalized services to individuals [1]–[5]. HAR can be 

performed through contact-based or contactless methods. While contact-based methods require wearable 

sensors, contactless methods are non-intrusive and can provide long-term monitoring. Contactless methods 

include video, ultrasound, and RF-based techniques such as ultra wideband, continuous wave radar, ZigBee, 

and WiFi [6]–[9]. 

WiFi-based contactless HAR has emerged as a promising solution due to the extensive adoption of 

commercial WiFi hardware in indoor settings, the affordability of WiFi equipment, and the rich information 

provided by the channel state information (CSI) and received signal strength indicator (RSSI). In WiFi-based 

HAR, the WiFi signal between a transmitter and a receiver can be used to detect human activity on the basis 

of signal strength, amplitude as well as phase, all of which are impacted by human movement. Previous 

investigations [10]–[12] have shown that CSI performs better than RSSI for detecting human activity. 

https://creativecommons.org/licenses/by-sa/4.0/
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However, WiFi-based HAR faces several challenges, including changes in location, environmental 

noise, and the need for accurate and efficient algorithms for activity recognition. To address these challenges, 

this article proposed a device-less human activity detection system that exploits the rich information contained 

in WiFi signals to monitor indoor environments and recognize different activities. The system is designed to 

be low-cost, easy to deploy and non-intrusive, which makes it suitable for long-term monitoring. The main 

contributions of this article are: 

− We propose a device-free human activity recognition system that leverages the dynamic features of 

activities, which we carefully examine and analyze through the characteristics of channel state information. 

− We design an activity detection system that uses discriminative characteristics of wireless signals in the 

frequency and temporal domains for recognition, and evaluate the impact of location changes on WiFi 

signal distribution for different activities, resulting in an effective system that can detect sitting, standing, 

and walking activities. 

− We implement our proposed system on a single off-the-shelf WiFi device connecting to a commercial 

wireless access point and evaluate its performance in laboratory and conference room environments. Our 

experiments demonstrate the feasibility of using WiFi signals for device-free human activity recognition 

and present a practical solution for indoor monitoring and ubiquitous computing applications. 

The rest of this paper is structured as follows: we first provide some preliminaries on WiFi detection 

and technical details in section 2, providing the background knowledge necessary for understanding our 

approach. In section 3, we provide design details as well as an overview of the system architecture, giving an 

overall view of the proposed system. In section 4, we describe the experimental environment, 

hardware/software configuration, implementation and evaluation, providing an in-depth analysis of our 

approach and results. Finally, we conclude the article and provide directions for future research in section 5. 

 

 

2. PRELIMINARIES 

For WiFi device-free sensing technologies, objects, such as the dynamic human activities explored in 

this research, exert an influence on transmitted signals, resulting in the superposition of multipath signals at 

the receiver. This phenomenon presents opportunities for signal identification and exploitation. The 

characterization of this impact on the communication link between the transmitter and the receiver is achieved 

through the use of CSI, which offers a higher degree of precision compared to the RSSI [13]–[15]. 

The majority of WiFi routers support IEEE WLAN standards, including 802.11 a/g/b/n/ac/ax. 

Versions from 802.11n onward incorporate advanced technologies like multiple-input multiple-output 

(MIMO) and orthogonal frequency division multiplexing (OFDM), which have the potential to enhance data 

throughput [16], [17]. Consequently, we have the capability to collect CSI data from a variety of 

communication channels. This CSI data is utilized for the detection of human activity. In the context of OFDM 

subcarriers, the CSI information captures both amplitude and phase, allowing for the representation of the 

received signal: 

 

𝑦 = 𝐻 × 𝑥 + 𝑛 (1) 

 

Where 𝑦 is the received signal, 𝑥 is the transmitted signal, 𝑛 stands for channel noise, and 𝐻 refers to the CSI, 

a complex matrix representing the channel’s frequency response (CFR) for each subcarrier in every spatial 

stream. 

As a result, the CSI can be represented as an 𝑚 × 𝑛 × 𝑤 matrix, where 𝑚 stands for the number of 

transmitter antennas, 𝑛 represents the number of reception antennas, and 𝑤 denotes the number of subcarriers, 

encompassing all subcarriers and specialized streams. This finely detailed matrix serves as an accurate 

depiction of the temporal and spectral characteristics of the channel, including the impact of small-scale 

multipath effects. The components 𝐻 of the received packets, assuming the presence of 𝑚 transmitters and 𝑛 

receivers in the MIMO system, are structured: 

 

𝐻 = [

𝐻1,1 ⋯ 𝐻1,𝑛

⋮ ⋱ ⋮
𝐻𝑚,1 ⋯ 𝐻𝑚,𝑛

] (2) 

 

Every element of the matrix ℎi,j = (ℎ1, ℎ2, … , ℎ𝑤), is a vector that contains the channel state ℎk for 

every transmitting (i) and receiving (j) antenna pair’s for every k-th subcarrier. It is possible to describe the 

value ℎk as follows, where |ℎ𝑘|denotes the amplitude and 𝜃 denotes the phase, and it gives information on the 

amplitude as well as phase of the relevant subcarrier [12]: 
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ℎ𝑘 =  |ℎ𝑘|𝑒𝑗𝑠𝑖𝑛𝜃  (3) 

 

To estimate the CSI, the transmitter transmits long training symbols (LTS) within the packet preamble, 

containing predefined information (symbols) for each subcarrier. When the LTS is received, the WiFi receiver 

computes the CSI by analyzing the received signal in conjunction with the original LTS. However, it’s essential 

to emphasize that real-world CSI is subject to various factors such as multi-channel effects, receiver/transmitter 

processing, hardware and software errors, and other environmental influences [18]. Figure 1 illustrates the 

phenomenon of multipath effects in the propagation of a WiFi signal. 

 

 

 
 

Figure 1. Illustrates the phenomenon of multipath effects in the propagation of a WiFi signal 

 

 

Multipath phenomena are inherent to wireless transmission systems due to signals often taking 

indirect paths before reaching the receiving antenna. The multipath effect results from the combination of 

several outside factors: 

− Reflection: phase change when the signal reflects. 

− Scattering: variation of the path affecting the shape of the signal. 

− Attenuation: reduction of the observed amplitude. 

Static environmental elements exert a consistent influence on multipath effects, whereas dynamic 

objects, such as the human body, introduce variability into these effects. Human actions are the source of this 

multipath variability, encompassing both passive movements like breathing and active movements like walking 

[19], [20]. By analyzing alterations in both signal amplitude and phase between transmission and reception, we 

can discern whether human activities have affected the signal and deduce the specific activity performed by 

the individual. This article will primarily focus on the utilization of amplitude analysis. 

 

 

3. MATERIALS AND METHODS 

In this section, our primary goal is giving a thorough insight into our system’s architecture. To achieve 

this, we start by providing a comprehensive overview of the entire system, highlighting its essential features 

and functions. Subsequently, we explore the specific roles and interactions of each individual component. 

 

3.1.  System overview 

We propose a system for detecting human activity using CSI data collected via commercial WiFi 

devices. The overall process is illustrated in Figure 2 and consists of three primary modules: data collection, 

preprocessing, and human activity detection. In the data collection module, original CSI data is collected from 

commercial WiFi devices using a WiFi router for transmission and a desktop computer for receiving the data 

packets. The raw CSI is extracted from the received packets, and its variation is analyzed to identify the 

existence of objects and motions within the environment. The acquired information is then preprocessed to 

eliminate any inaccuracies and interference, followed by feature extraction to identify meaningful patterns. 

 

3.2.  Data collection 

According to (1), CSI estimation involves transmitting a pilot signal from a transmitter (Tx) to a 

receiver (Rx), followed by computing the CSI at the receiver. Typically, this is done by sending a ping packet 

from Tx to Rx for CSI estimation. We used the Linux 802.11n CSI tool with the Intel 5300 network interface 

card (NIC) [21]. Figure 3 shows the data collection device configuration. In this setup, both Tx and Rx 

continuously transmit signals, allowing the receiver to estimate CSI from incoming packets. 
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Figure 2. System architecture overview 
 

 

 
 

Figure 3. Illustration of CSI collection 

 

 

3.3.  Data preprocessing 

To ensure the quality of the CSI measurements, data preprocessing is a crucial step in our system. 

This process becomes necessary due to hardware imperfections and surrounding noise, which can introduce 

corruption in the collected data. The following steps outline the data preprocessing procedures implemented to 

mitigate these issues effectively. 

 

3.3.1. Antenna selection 

After collecting data using the Intel 5300 network card and storing it in a .data file, we imported the 

data into MATLAB [22] and conducted a comparative analysis of three different antennas during various 

activities: sitting, standing, and walking. One antenna consistently exhibited dynamic responses, while another 

remained predominantly static. We excluded data from the least sensitive antenna and identified the most 

sensitive antenna as the reception reference [23]. The second antenna displayed distinct fluctuations over time, 

making it ideal for capturing activity variations. Figure 4 illustrates CSI amplitude variation over time across 

30 subcarriers for the three antennas, where Figure 4(a) for antenna 1, Figure 4(b) for antenna 2, and  

Figure 4(c) for antenna 3. 

 

3.3.2. Outliers removal with Hampel filter 

The amplitudes and phases of the CSI may contain noise due to internal factors like power 

transmission, rate adaptations, and thermal noise in devices, which can interfere with the signal and lead to 
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incorrect values unrelated to human presence. To address this, the initial step after importing the raw data 

involves noise reduction. Numerous techniques are available for this purpose, such as employing a combination 

of filters to extract desired time or frequency domain information. We utilize the widely-used Hampel outlier 

filter to remove prominent outliers [24]. The denoising results, illustrated in Figure 5, demonstrate a smoother 

CSI waveform with reduced local disturbances compared to the original waveform. 

 

 

   
(a) (b) (c) 

   

Figure 4. Illustrates the CSI amplitude on 30 subcarriers of three antennas; (a) antenna 1, (b) antenna 2, 

and (c) antenna 3 
 

 

 
 

Figure 5. Illustrates denoising the amplitude of the second subcarrier for the second antenna 

 

 

3.3.3. Signal transformation using discrete wavelet transform   

To improve accuracy of CSI values in time series, a noise reduction technique such as discrete wavelet 

transform (DWT) can be applied to eliminate high-frequency noise unrelated to the targeted activity and caused 

by changes in transmission speeds or variations in the external environment. DWT is particularly useful for 

this purpose, as it allows optimum time/frequency resolution and multi-scale analysis of the data. The 

effectiveness of noise reduction using DWT is demonstrated in Figure 6. Figure 6(a) illustrates the original 

CSI, while Figure 6(b) depicts the denoised CSI achieved through DWT. Additionally, because wavelet 

denoising has linear time complexity and does not require assumptions about signal continuity, it is 

computationally efficient. In DWT, the components of a closely related low-pass scaling filter and a high-pass 

mother wavelet filter are convolved to create the wavelet basis vectors. From a single base wavelet 𝜓(𝑥), 

wavelet 𝜓𝑠,𝑡(𝑥) is produced [25]: 
 

𝜓𝑠,𝑡(𝑥) =
1

√|𝑠|
𝜓 (

𝑠−𝑡

𝑠
)                (𝑠 ≠ 0) (4) 

 

Where the translation parameter is represented by 𝑡, and the scaling parameter by 𝑠. When  
𝑡 = 𝑛(𝑛 = ⋯ , −1,0,1 … ) and 𝑠 = 2𝑚(𝑚 = 0,1,2, … ), where 𝑚 is the scale index and 𝑛 is the translation 

index, respectively, we get the result: 
 

𝜓𝑚,𝑛(𝑥) = 2−
𝑚

2 𝜓(2−𝑚(𝑥 − 𝑛)) (5) 
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The 1-D function 𝑓(𝑥) can be represented by the projection of the function 𝑓(𝑥) onto the wavelet set 

 𝜓𝑚,𝑛(𝑥) using the DWT 𝑊(𝑚, 𝑛):  

 

𝑊(𝑚, 𝑛) = ∫ 𝑑𝑥𝜓𝑚,𝑛(𝑥)̅̅ ̅̅ ̅̅ ̅̅ ̅̅+∞

−∞
𝑓(𝑥) (6) 

 

 

  
(a) (b) 

  

Figure 6. Displays the CSI amplitude of the second subcarrier for the first antenna; (a) before DWT and 

(b) after DWT 

 

 

3.3.4. Signal extraction via principal component analysis (PCA) 

The CSI signal obtained through the utilization of the 802.11n protocol’s CSI tool encompasses 

amplitude and phase details for each of the 30 available sampling subcarriers. To efficiently manage this 

substantial volume of CSI data collected within a brief time frame, we employ PCA [26]. PCA is an algorithm 

that effectively extracts data components containing the most information, significantly reducing the data while 

preserving essential environmental information. By utilizing variance as a measure of the informational content 

in the signal, PCA transforms the matrix into a set of linearly uncorrelated principal components. This method 

finds widespread application in blind signal separation and feature extraction for pattern recognition tasks [18]. 

Figure 7 provides an illustration of employing PCA for the purpose of dimensionality reduction in the CSI 

signal. 

 

 

 
 

Figure 7. Illustrate the PCA for CSI dimension reduction 

 

 

4. EXPRIMENT AND ANALYSIS  

In this section, we describe the experimental environments, hardware, and software setup. We present 

the obtained results from the proposed approach. We then conduct a comprehensive performance analysis to 

evaluate its effectiveness. 

 

4.1.  Expriment environnment  

The experiments were carried out in two distinct environments: a laboratory and a conference room 

to evaluate the effectiveness of our system. The dimensions and parameters are detailed in Table 1. We 

employed two devices in this setup: one as the Tx, functioning as an access point (AP) transmitter, and the 

other as the Rx, representing the desktop computer. Both devices were consistently positioned at a fixed height 

of 0.75 meters to ensure an uninterrupted signal path. The physical layout of the environments, including tables, 
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desks, computers, and various pieces of wooden and metallic equipment, remained unaltered throughout the 

experiment. The experimenter maintained a constant position and orientation during signal capture, ensuring 

reliable and consistent signal measurements. Figure 8 provides visual representations of these experimental 

environments, with Figure 8(a) illustrating the laboratory and Figure 8(b) depicting the conference room. 
 

 

Table 1. Presents a summary of the experiment parameters 

Characteristics and parameters 
Environment 

Laboratory Conference room 

Dimensions 9.10 m * 4.30 m 8.20 m * 5.80 m 

Occupancy 1 Person 1 Person 
Bandwidth 20 MHz 20 MHz 

Channel 11 (2462 MHz) 11 (2462 MHz) 

Frequency 2.417 GHz 2.417 GHz 
Antennas 3 Rx * 2 Tx 3 Rx * 2 Tx 

Spatial streams MIMO MIMO 

Subcarriers 30 30 

 

 

  
(a) (b) 

  

Figure 8. Experimental environments; (a) laboratory and (b) conference room 

 

 

4.2.  Expriment setup 

We conducted an experimental study in a standard 2.4 GHz 802.11n WiFi network. We used an HP 

290 G1 MT business computer as the transmitter, connected to a TP-LINK TD-W8961N commercial wireless 

access point, which acted as a dual-antenna transmitter. The desktop ran Ubuntu 14.04.4 LTS with the  

4.2.0-27 kernel and featured an Intel WiFi Link 5300 card with three antennas for reception. MATLAB was 

installed on the same desktop for offline data processing related to human activity. The transmission rate was 

set at 100 packets per second, and we extracted CSI data from received packets, covering 30 subcarrier groups 

within a 20 MHz channel bandwidth, using a customized version of an open-source wireless driver [21]. A CSI 

matrix of size 2×3×30 can be extracted from each packet, which represents complex CSI values of subcarriers 

that are received from each of three antennas of a network card. Table 2 lists the hardware and software used 

in the experiment. 
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Table 2. Hardware and software used in the experiment 
Device name Role Hardware/software Specification and use 

Laptop Rx HP 290 G1 MT Business PC Receiving WiFi packets 
Access point  Tx TP-LINK TD-W8961N Transmitting WiFi packets 

Network interface 

card 

Intel 5300 Intel 5300 Mini Wireless Network Card, 450 Mbps, 3 

antennas 6 dbi, INTEL5300AGN 

Receive CSI data 

Software  MATLAB platform MATLAB R2018b Constructing system 

 

 

Figure 9 illustrates the experimental hardware employed in the study, including Figure 9(a) Intel WiFi 

5300, Figure 9(b) the desktop computer, and Figure 9(c) the access point. The combination of these components 

facilitated the seamless execution of the experiment. The hardware setup, with its integral components, played 

a crucial role in gathering accurate data and achieving reliable results. 
 

 

   
(a) (b) (c) 

   

Figure 9. Illustrate the experimental hardware; (a) Intel WiFi 5300, (b) descktop computer, and (c) acces point 

 

 

4.3.  Expriments and results 

We conducted the experiments in two distinct environments: a laboratory and a conference room, with 

a distance of 7m between the transmitter and reception antennas. The laboratory environment had a clear line-

of-sight (LOS) reception, while the conference room had obstructed LOS pathways due to metal tables and 

chairs, resulting in high multipath effects, depicted in Figures 8(a) and (b). The volunteer performed sitting, 

standing, and walking activities in both environments, and the activities were performed by only one person. 

Table 3 provides a description of the activities used in the experiments. 
 

 

Table 3. Describe the activities used in the experiments 
Activity Description 

Sitting  Sitting on a chair 

Standing Standing up 

Walking Walking from receivers towards the transmitter 

 

 

The objective of this research was to assess the influence of diverse human actions on the transmission 

characteristics of wireless communication channels. The collected indirect wireless data was analyzed for patterns. 

The experiments revealed that human activities result in significant fluctuations in the CSI amplitude.  

Figures 10(a) and (b) display the CSI amplitudes of all subcarriers and the second antenna relative to a human subject 

who was sitting, standing, and walking between the WiFi transmitter and receiver in the laboratory and conference 

room environments, respectively. The results show that the CSI amplitudes remained unchanged while the individual 

was stationary in both environments, but they began to fluctuate when the subject started moving. However, the 

magnitude and patterns of the CSI amplitude fluctuations were notably different between the laboratory and 

conference room environments. In the conference room, the CSI amplitude fluctuations were more significant due 

to the high multipath effects caused by the obstructed LOS pathways. This indicates the environment significantly 

influences the wireless propagation channel and the resulting CSI measurements. 

Figures 11(a) and (b) display the results of a PCA performed on CSI data collected during experiments in 

laboratory and conference room environments, respectively. Volunteers performed sitting, standing, and walking 

activities in both environments. Each figure includes three subplots, illustrating the PCA results for each activity in 

the corresponding environment. he analysis demonstrates how human activities affect the distribution of WiFi signals 

and confirms the capability of the proposed WiFi-based system to identify human activities. Furthermore, the 

experiments highlight how changes in location impact the wireless propagation channel. The results also suggest that 

the proposed system is effective in detecting human activities, regardless of the environment. 



Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

Exploiting channel state information of WiFi signal for human activity detection: an … (Hicham Boudlal) 

1039 

 
(a) 

 

 
(b) 

 

Figure 10. CSI amplitude recorded during different activities: sitting, standing, and walking in various 

environmentts respectively; (a) laboratory and (b) conference room 

 

 

 
(a) 

 

 
(b) 

 

Figure 11. Illustrates CSI amplitude of the first PCA for antenna 2 over 30 subcarriers after filtering of 

various activities: sitting, standing, and walking in different environments, respectively; (a) laboratory and 

(b) conference room 
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4.4.  Discussion 

We investigated how human activities affect wireless signal propagation within two different 

environments: a laboratory with clear line-of-sight reception and a conference room with obstructed LOS 

pathways resulting in high multipath effects. Our results show that human activities cause significant variations 

in the amplitude of CSI for wireless signals. The fluctuations were more significant in the conference room 

environment due to the high multipath effects. To detect these activities, we proposed a WiFi-based system that 

was effective in both environments. Specifically, our system successfully detected sitting, standing, and walking 

activities based on the fluctuations in the CSI amplitude of wireless signals. Our study highlights the importance 

of considering the environment when designing wireless communication systems, as the impact of the 

environment on the resulting CSI measurements underscores the need for careful calibration and testing, 

especially in indoor environments where multipath effects can be pronounced. Moreover, our results suggest that 

wireless signals could be utilized for device-free recognition of human activity, opening up possibilities for 

various applications. Therefore, our study demonstrates the potential of WiFi signals for indoor monitoring and 

ubiquitous computing applications, providing a practical solution for device-free human activity recognition. 

 

 

5. CONCLUSION AND FUTURE WORK  

In this paper, we conducted experiments to investigate the influence of human activity and the 

surrounding environment on CSI, and demonstrated how CSI can be collected and analyzed to detect specific 

movements without compromising user privacy. The results showed that human activity has a significant 

impact on the wireless propagation channel, and the proposed WiFi-based system is effective in detecting these 

activities. Our study provides a specific understanding of utilizing CSI data for human activity recognition and 

the necessary steps to build a robust model. For future research, we aim to expand our analysis to recognize 

more diverse activities, including those involving objects. We also plan to investigate the impact of different 

environments and wireless frequency bands on the accuracy of human activity recognition. As 802.11ad 

utilizes the 60 GHz band, it affords larger bandwidth than the combined 2.4 GHz and 5 GHz bands, potentially 

resulting in more accurate human activity detection. These studies will help improve the robustness and 

accuracy of the proposed system, making it useful for a wider range of applications. 
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