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ABSTRACT: Passive human activity recognition without requiring a 

device is crucial in various fields, including smart homes, health care, and 

identification. However, current systems for human activity recognition 

require a dedicated device, or they need to be more suitable for scenarios 

where signals are transmitted through walls. To address this challenge, we 

propose a device-free, passive recognition system of human activity that 

utilizes CSI-based WiFi signals and does not require any dedicated devices. 

The proposed approach uses two techniques to distinguish different human 

activities. First, we introduce an opposite robust method to eliminate the 

influence of the background environment on correlation extraction and to 

obtain the correlation between human activity and its resulting changes in 

channel state information values. Second, we propose a normalized variance 

sliding windows algorithm to segment the time of human action from the 

waveforms, which can differentiate human actions' start and end times. We 

also implemented a CSI-based model using Nexmon with an LSTM 

algorithm with commodity WiFi devices and evaluated it in several 

environments. Our experimental results demonstrate that we achieve an 

average accuracy of 95% when signals pass through concrete walls. 

 

KEYWORDS: Through wall HAR, WiFi Sensing, Passive Device-Free HAR, 

CSI HAR. 
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1.0 INTRODUCTION 

Human activity recognition is a fundamental research topic in 
pervasive computing and human-computer interaction. It has the 
potential to support many emerging applications such as smart 
homes, augmented reality, identification, and health care. Different 
human activity recognition systems have been proposed with various 
techniques, including wearable sensor-based, computer vision-based, 
and ambient device-based approaches [1]. Wearable sensor-based 
methods utilize sensors, RFID [2], smartphones, and other devices to 
recognize human activities [3]. These systems use active detection 
techniques and require the device to be always on the body. On the 
other hand, computer vision-based approaches use cameras to 
capture image sequences and recognize human activities using 
activity classification algorithms [4]. However, the illumination of 
lights and shelters, such as walls, affects the camera, which limits its 
effectiveness. 

Ambient device-based approaches attempt to recognize human 
activities using radar, infrared, audio, and other sensors. While these 
techniques do not require wearing or carrying anything on the body, 
some dedicated devices should be deployed. Recently, WiFi signals-
based human activity recognition techniques have been widely 
studied. These techniques exploit Channel State Information (CSI) 
and multi-antennas techniques to distinguish different activities, such 
as E-eyes [5], CARM [6], WifiU, RT-Fall [7], and others. These systems 
have the advantages of passive detection and easy deployment, but 
they did not consider human activity recognition under scenarios 
where WiFi signals pass through walls [8]. 

HAR through walls using WiFi is a promising method because it 
provides a non-invasive and low-cost way to monitor human 
activities. WiFi signals penetrate walls and objects, allowing them to 
be used to sense the presence and movement of humans in indoor 
environments. The technique relies on analyzing the changes in the 
wireless signals as they interact with the human body and 
surrounding objects. Various signal processing and machine learning 
techniques are applied to extract features from the received signal, 
which classify human activities such as walking, running, sitting, or 
standing [4]. 

To realize the system, we face two main technical challenges. The 
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first challenge is to obtain beneficial human activity CSI correlation 
from the raw CSI measurements. It is a challenging problem to get 
this correlation because the WiFi signals are affected severely by the 
wall and the indoor physical environment (e.g., reflection, diffraction, 
and scattering). These aspects cause the received signal to become 
weak and mix a large amount of complicated background 
environmental information. The second technical challenge is to 
segment activity from CSI waveforms. Existing work shows that the 
activity can be segmented easily. However, the changes in CSI 
waveform caused by some human activities are not noticeable when 
the WiFi signals pass through the wall. 

We propose a robust LSTM approach to overcome these challenges 
to obtain the correlation between human activity and its resulting 
changes in CSI values. This proposal includes the correlation of the 
indoor background environment and noise, and if weakly affected by 
the environment. The contributions of our work are summarized as 
follows: 

• The present work introduces a novel approach for human 
activity recognition without using any dedicated device by 
leveraging WiFi signals that can penetrate through walls. We 
employ CSI amplitude to recognize human activities with 
commodity WiFi devices through walls. 

• The proposed system has been implemented using 
commercial WiFi devices with a singular transmitter and 
receiver. The proposed model achieves an average 
classification accuracy of 95% for HAR based on CSI signals 
passing through the wall. 

2.0 RELATED WORKS 

In recent decades, wireless detection has gained popularity as a 
contactless sensing technique that appeals to simplicity and 
manageable availability [9]. Likewise, signals can spread through 
walls, furniture, and doors, and they don't need a line of sight (LoS), 
allowing for more significant detection regions [8]. Numerous CSI 
and machine learning-based algorithms have been presented to 
correctly identify and count individuals in each coverage area of a 
WiFi sense. Most of these studies use 1-3 transmitters (Tx) and three 
reception antennas (Rx) and utilize different wireless network cards. 

However, the network interface card NIC frequently has various 
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constraints due to the natural physical effects of the transmission 
process. A quick review of the literature shows research that utilizes 
CSI data derived from standard WiFi equipment, such as NICs, that 
provide a restricted number of data subcarriers and severely influence 
classification performance [10]. Moreover, NICs are typically utilized 
for networking tasks; therefore, their dependability might be greatly 
harmed if they were also employed for sensing. 

Several research studies have investigated the field of human 
activity recognition through walls using WiFi signals, commonly 
referred to as "through wall human activity recognition using WiFi," 
resulting in various proposed systems such as WiVi [11], WiSee [12], 
E-eyes [5], CARM [6], and  RT-Fall [7]. However, most of these 
systems are limited in their ability to recognize human activity 
through walls, as they either require specialized equipment or need to 
consider the scenarios where signals pass through obstacles. 

WiVi [11], for instance, uses WiFi signals through walls to detect 
objects and human actions. Still, it requires using PCs instead of 
commercial WiFi devices and performs poorly in activity 
classification. E-eyes [5] uses commercial WiFi devices to monitor 
human activity with one transmitter and three receivers, which 
achieve in-place and walking activity recognition. CARM [6] exploits 
CSI-speed and CSI-activity models to recognize different activities. In 
contrast, RT-Fall[7], on the other hand, exploits both the amplitude 
and phase of CSI measurements to detect falls. 

Despite the advantages of these systems, including passive 
detection and easy deployment, they do not consider the scenarios 
where signals pass through walls. In indoor environments, where 
multiple rooms may access one wireless signals AP, walls may block 
all the direct and reflected propagation paths between the receiver 
and the transmitter. The system exploits the differences in the CSI 
values measured to classify the activities of interest. This approach 
has the potential to significantly improve the accuracy and reliability 
of HAR systems in scenarios where signals pass through walls, 
making it suitable for a wide range of applications, including home 
automation, security, and healthcare. 

3.0 METHODLOGY 
3.1 Primarily and problem analysis 

CSI is widely used to capture activity data as it provides high 
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sensitivity to channel link variations and has a fine-grained nature 
and small size, as shown in equation (3.1) and a schematic network 
diagram. 

𝑦 =  𝐻𝑥 +  𝑛 (3. 1) 

In the equation, H is a complex matrix of CSI values, and n is the 
channel noise [13]. The MIMO system utilizes multiple channels to 
increase transmission rates by constructing a matrix of connection 
links represented as: - 

𝐻𝑖 =

[
 
 
 
 ℎ𝑖

11 ℎ𝑖
12 … ℎ𝑖

1𝑁𝑇

ℎ𝑖
21 ℎ𝑖

22 … ℎ𝑖
2𝑁𝑇

⋮ ⋮ ⋮ ⋮

ℎ𝑖
𝑁𝑅1

ℎ𝑖
𝑁𝑅2

… ℎ𝑖
𝑁𝑅𝑁𝑇]

 
 
 
 

     (3. 2) 

The CSI measures the amplitudes and phases influenced by the paths 
and the number of amplitudes and phase shifts Therefore, each CSI 
entry corresponds to the channel frequency response, as shown in 
equation (3.3). 

ℎ(𝑓) = ∑  

𝑁

𝑙=1

𝛼𝑙𝑒𝑥𝑝−𝑗2𝜋𝑓𝜏𝑙       (3. 3) 

The CSI ratio of WIFI indicates the impact of objects in the 
environment on the transmission of OFDM signals, causing signal 
weakening and scattering [14], [15]. This rapidly amplifies human 
motion's effect on the phase variation, as expressed mathematically in 
equation (3.4) as: 

𝐻(𝑓, 𝑡) = 𝛿(𝑡)𝑒−𝑗𝜙(𝑡)∑𝑙=1
𝐿  𝐴𝑙(𝑡)𝑒

−𝑗2𝜋
𝑑1(𝑡)

𝜆  (3. 4) 

Whereby 𝛿(t) represents the intensity of impulsive noise, and 𝜙(t) 
represents the time-varying phase offset. L represents the total 
number of propagating routes, 𝜆 represents the wavelengths, and 
A1(t) and d1(t) represent the signal's attenuation and the L pathway's 
length, respectively. 
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Figure 1: The utilization of WiFi for human activity recognition through 

walls demonstrates the presence of weak reflected signals 

The analysis of activities, as depicted in Figure 1, confirms 
exceptional diversity in packet transmission through the wall. One of 
the main challenges is the complex and unpredictable propagation of 
wireless signals through the wall, which can cause severe signal 
attenuation, reflection, and multipath effects. Another challenge is 
collecting and processing high-quality CSI data due to commercial 
WiFi devices' limited bandwidth and sensitivity. Additionally, there 
is a need to develop robust and accurate algorithms to extract 
meaningful features from the CSI data and classify different human 
activities under various scenarios and environments. 

𝑃𝑅 = (
𝐺𝑇𝐺𝑅𝑃𝑇𝜆2 𝜎𝐹

(4𝜋)3 𝑅
)  (3. 5) 

The provided equation considers the received power (Pr), 
transmitted power (PT), the gain of transmission (GT), and receiving 
(GR), as well as the distance (R) that signals need to travel across the 
wall and the amount of power that is reflected into the adjacent room, 
where only a small fraction of power is reflected to the receiver with a 
cross-sectional area of σ. Moreover, environmental factors, 
represented by F, significantly affect the equation. In the proposed 
model, the reflected power within the same room is removed, and 
attention is given to the body effects in the adjacent room. 
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3.2 System Overview 

The proposed system has two WiFi devices serving as a transmitter 
and receiver. A commercially available WiFi access point with one 
antenna is the transmitter, while a common wireless NIC is the 
receiver. The experiments used a TP-Link EC230-g1 as the transmitter 
and a Raspberry Pi 4b as the receiver. The AP and receiver are placed 
in different adjacent rooms, and the wall obstructs all direct and 
reflected propagation paths between them. If human activity occurs in 
either the transmitter or receiver room, the system can automatically 
detect it. Figure 2 illustrates the system's principle of operation. 

 
Figure 2: System illustration of human activity recognition when the signals 

pass through the wall 

The methodology of the system is described in this work through a 
flow chart consisting of four main stages: data collection, pre-
processing, feature extraction, and classification. The data collection 
process involves using a Raspberry Pi device connected to Nexmon 
firmware to capture raw data of activities in the adjacent room. The 
proposed approach is focused on predicting activities through walls 
using wide-angle views. The captured data is subjected to various 
techniques for extraction and filtering, such as FFT, Hampel, and 
median, to eliminate noise for visualization and training purposes. 
The feature extraction stage involves extracting meaningful features 
from the pre-processed data to represent the activities accurately. 
Finally, a three-layer LSTM network with sequential connections and 
SoftMax function is employed for activity recognition and 
classification.  
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Figure 3: System Architecture 

 

3.3 Location Correlation with Extraction 

We employed the median of Hampel filter processes to denoise 
matrix signals. The median filter is a nonlinear digital filtering 
technique that replaces each pixel value in a signal with the median 
value of its neighboring values. This filter effectively removes salt-
and-pepper noise, a common type of noise in the signal. On the other 
hand, the Hampel filter process is a robust method for outlier 
detection that uses a sliding window to detect outliers in a movement. 
It replaces the outlier value with the median value of the window. 
Combining these two filters effectively reduces noise in matrix signals 
while preserving the integrity of the underlying data. By applying 
these denoising techniques, we improved the accuracy of signal 
analysis and interpretation shown in Figure 4. 

 
Figure 4: Denoising signal 

As a person moves, their body reflects and scatters the wireless 
signals, causing variations in the CSI values. By analyzing these 
variations, it is possible to identify specific human activities such as 
walking, sitting, or standing shown in Figure 5. One advantage of 
using CSI signals for activity recognition is that they are non-intrusive 
and do not require wearable sensors. Additionally, they can be 
collected using commodity WiFi devices, making the approach cost-
effective and widely accessible. By leveraging the amplitude changes 
in CSI signals caused by body movement 
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Figure 5: Human activity recognition when the signals pass through the wall 

It was observed that the activity recognition system proposed in 
the research could not capture reflected signals from the next room, as 
evidenced by equation 5. As a result, it was necessary to separate the 
activity from the initial room signal reflections to achieve accurate 
activity recognition. This separation was achieved using a signal 
processing technique that effectively filters unwanted reflections and 
isolates the relevant activity signal shown in Figure 6. 

 

Figure 6: Raw CSI amplitude environmental separation results 

 

4.0 IMPLEMENTATION AND EVALUATION 
4.1 Implementation  

In this work, the Raspberry Pi 4B was employed to capture data and 
to evaluate the performance of the activity recognition model for 
through-wall sensing of six different activities (empty, lying, walking, 
running, standup, and falling). The Raspberry Pi was set to 
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monitoring mode at 20 MHz and 80 MHz at 2.4 GHz/5 GHz, 
respectively, using a transmitter (Tx) (TP-LINK router) and a receiver 
(Rx) Raspberry Pi 4b, both of which utilized omnidirectional 
antennas. Furthermore, data injection was necessary, for which the 
Lenovo G580 laptop was used to inject the router in these experiments 
to achieve flow data in monitoring mode. The data is collected in the 
first stage using Wireshark/TCPDUMP in the monitoring mode of 
Nexmon installed on the Raspberry Pi. 

4.2 Experimental Setup 

The evaluation was implemented in the lab environment shown in 
Figure 7 to investigate the wider-angle model in different aspects, 
such as frequency, distance, and angle. The figure is divided into five 
positions, each subject to six regular activities. The study is conducted 
using both 2.4 GHz frequencies. The distance between the transmitter 
and the router is 2 meters, and the spaces between the receiver and 
the different positions are labeled in Figure 7. 

 

Figure 7: Layout of evaluation location 

 

4.3 Human Activity Recognition 

The experimental results demonstrate that the proposed system can 
recognize human activities through a wall, as illustrated in Figure 8. 
The model achieved this by classifying the separated signal using 
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machine learning techniques, including low-rank matrix 
decomposition, feature extraction, and an LSTM neural network. 
These techniques enabled the model to extract relevant features from 
the raw signal and learn the temporal dependencies in the signal, 
resulting in accurate recognition of the target activities.  

 

Figure 8: Activity classification 

With high accuracy, the system could classify six activities, 
including empty, lying, walking, running, standing up, and falling, 
with a few samples shown in the confusion matrix in Figure 9.  

 

Figure 9: Confusion matrix of through wall HAR using 2.4GHz WiFi 

The models exhibited remarkable proficiency in identifying human 
activities through walls via WiFi signals in five distinct locations, as 
presented in Table 1. The implications of these findings are 
substantial, particularly for fields such as security and surveillance, 
healthcare, and home automation. 
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Table 1: The efficacy of activity detection through a wall in five positions is 

shown in Figure 7. 
Freq 2.4Ghz 

Positions Position 1 Position 2 Position 3 Position 4 Position 5 

Empty 100  100 100 100 100 

Fall 100 40 100 100 100 

Lie Down 77.5 92.5 80 100 85 

Run 100 96.7 96.7 96.7 96.7 

Sit-down 96.7 96.7 96.7 80 96.7 

Walk 100 100 96.7 96 100 

Acc.% 94 % 92.4% 85% 95% 95.6% 

5.0 CONCL U S ION  

The proposed model provides a narrative approach to improve the 
forecasting of through-wall human activities through signal processing in 
human activity recognition systems. Using the CSI signals captured through 
the wall, we showed that the proposed system accurately classified six 
activities (empty, lying, walking, running, sitting down, and falling). We 
also demonstrated the effectiveness of the system in different positions and 
angles, which can provide valuable insights for real-world deployment. The 
proposed approach is low-cost and easy to implement, making it suitable 
for various applications. The results of this study suggest that CSI-based 
HAR using WiFi and LSTM can be a viable solution for activity recognition 
through walls, with potential applications in healthcare, security, and 
intelligent home systems. Further research can explore the feasibility of 
using this system in larger spaces with more complex activities. Future 
research will focus on refining the localization and data extraction algorithm 
with enhanced technologies such as beamforming and array antennas. 
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