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A B S T R A C T

This study introduces a novel fall detection method for construction workers that uses WiFi Channel State In
formation (CSI) with mobile smartphone receivers, which addresses the high incidence of fall-related injuries at 
construction sites. The innovative approach utilizes Doppler frequency shift features captured through mobile 
receivers, which adapt to dynamic construction environments where workers continuously move, overcoming 
limitations of conventional static configurations. Our framework extracts characteristic CSI patterns from WiFi 
signals and employs an improved deep learning model to classify falls and common construction activities. 
Experimental validation demonstrates robust performance with accuracy exceeding 93 % across various dis
tances and orientations. The mobile receiver design significantly enhances spatial adaptability while providing a 
non-invasive, privacy-preserving, and cost-effective solution that can be readily deployed using existing WiFi 
infrastructure and workers’ smartphones for construction site safety monitoring.

1. Introduction

The construction industry is globally recognized as one of the most 
hazardous sectors. According to the International Labour Organization 
(ILO) (Occupational Safety and Health Management, 2021), an esti
mated 60,000 fatal accidents occur on construction sites worldwide each 
year, accounting for approximately one in six of all fatal workplace in
cidents. This alarming statistic is starkly illustrated in the United States, 
where the Occupational Safety and Health Administration (OSHA) re
ports that “Fall Protection” has been the most frequently cited violation 
for 13 consecutive years, with 7271 citations in 2023 alone (Schirn, 
2024). According to a report from the Hong Kong Labour Department 
(Bulletin 2022_issue23_sc 2022), the construction industry consistently 
records the highest number of fatalities and accident rates among all 
sectors. Within these incidents, slipping, tripping, or falls on the same 
level, in particular, are the leading cause of worker accidents, ac
counting for 22 % of the total accidents (OSH_Statistics_2022_tc 2022). 
Given the aging workforce in many regions, a significant number of 
middle-aged and elderly workers are engaged at construction activities 
(Poon, 2009), falls pose a greater risk to aging workers, leading to in
juries such as sprains, fractures, and musculoskeletal issues (Courtney 
et al., 2001; Lipscomb et al., 2006) that become increasingly 

life-threatening for this demographic. Therefore, the development of a 
system that can promptly monitor falls and provide feedback to man
agement for timely treatment is crucial for ensuring worker safety.

In previous studies, different technologies and devices have been 
employed to monitor fall events on construction sites. These can be 
broadly categorized into three types: wearable-based systems, non- 
wearable-based systems, and fusion or hybrid-based systems 
(Chaccour et al., 2017). The wearable-based approach is a common 
choice. These sensors can be worn on various body parts of the workers, 
such as the wrist, waist, or the soles of the feet to detect and analyze 
body movements and postures (Antwi-Afari et al., 2018; Ferreira De 
Sousa et al., 2022; Choo et al., 2023a). This strategy, however, requires 
workers to wear additional devices, which can be inconvenient during 
work processes and may require frequent charging or battery replace
ment. Non-wearable methods involve deploying sensors in the ambient 
environment, such as pressure, passive infrared, vibration, acoustic, and 
infrared sensors (Guan et al., 2017; Alwan et al., 2006). Unfortunately, 
the expense of developing and maintaining these sensor systems across 
the construction site is a significant issue. Vision-based approaches also 
constitute a commonly used non-wearable detection method, enabling 
fall event detection through analysis of body posture and motion pat
terns in video images (Duan et al., 2023a; Fang et al., 2020; Ding et al., 
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2018). However, vision-based monitoring may raise privacy concerns 
and require proper installation and maintenance. Additionally, at con
struction site scenes, objects often obstruct the view, leading to chal
lenges in accurate image recognition (Fang et al., 2019a). Fusion-based 
methods involve integrating wearable and non-wearable approaches, 
utilizing multi-channel data sources with fusion algorithms to enhance 
the reliability and specificity of the detection system (M et al., 2023a; 
Nyan et al., 2006). This fusion approach also faces substantial compu
tational demands, complex processing strategies, and elevated costs. In 
addition, some studies have explored fall detection using the built-in 
inertial measurement unit (IMU) sensors in smartphones, utilizing ac
celeration and angular velocity measurements (Dzeng et al., 2014; Fang 
and Dzeng, 2014). This detection performance, however, is highly 
dependent on the phone’s orientation, requiring it to maintain a correct 
position for accurate detection (Santoyo et al., 2018).

CSI (Channel State Information) is a measurement technique used in 
wireless communication systems to gather information about the 
channel conditions between a transmitter and receiver. It provides non- 
invasive, wide coverage fall detection on construction sites, surpassing 
the limitations of wearable and non-wearable sensors, reducing equip
ment costs. Meanwhile, it offers flexibility, convenience, and rich data 
analysis capabilities. The potential of CSI signals for fall detection and 
other applications involving human activity recognition has been 
extensively investigated by researchers in recent years. Previous studies 
on utilizing CSI signals for human activity recognition primarily used 
fixed transmitters consisting of one or two laptops equipped with Intel 
5300 WiFi cards and a router (Yan et al., 2022; Shalaby et al., 2022; Lee 
et al., 2020a). Wang et al. (2017a) reported that as individuals walked 
away from the straight-line distance between the receiver and trans
mitter, the model’s accuracy declined. Accurate detection in fixed setups 
demands the deployment of multiple devices to cover the entire region. 
Furthermore, these studies focused on interior scenarios and identifying 
falls in the elderly, which poses challenges when applied to dynamic 
construction sites that are open, complicated, and susceptible to change 
(Al- et al., 2016). Construction workers’ larger activity areas and more 
vigorous movements render previous models unsuitable. Deploying 
multiple fixed receivers for comprehensive coverage in diverse con
struction sites is challenging and may interfere with workers’ activities, 
increasing equipment costs.

Based on the limitations and issues identified in previous research, 
this study aims to provide a convenient, flexible, and reliable method for 
fall detection on construction sites while leveraging existing WiFi 
infrastructure and smartphones. Unlike earlier studies, we propose a 
new method of combining WiFi and smartphones without the need for 
additional devices or specific WiFi cards. Through our custom- 
developed application, CSI data is wirelessly extracted from WiFi sig
nals and directly stored on smartphones, offering flexibility and 
mobility. This approach offers significant advantages over solutions that 
rely only on the smartphone’s built-in IMU sensor, as it does not rely on 
the phone’s orientation or location. The main contributions of this 
research include developing a mobile receiver approach specifically 
adapted to the dynamic working environment of construction sites, 
eliminating the need for fixed device positioning. The system is low-cost 
and easy to deploy, reducing implementation costs by utilizing existing 
WiFi infrastructure and smartphones. Regarding construction manage
ment, the solution provides project managers with a tool to monitor 
worker safety and can be used to identify high-risk areas and activities, 
facilitating the improvement of site safety.

The remainder of this paper is organized as follows. Section 2 pro
vides a comprehensive review of the relevant literature, examining 
existing fall detection methodologies and technologies. We then delin
eate the proposed research methodology in Section 3, covering the key 
stages from CSI extraction to the development of our detection model. In 
Section 4, a thorough evaluation of the system’s performance is pre
sented. Subsequently, Section 5 discusses the broader implications of 
our findings, acknowledges the limitations of this study, and proposes 

directions for future research. Finally, Section 6 concludes the paper 
with a summary of our contributions.

2. Literature review

2.1. Conventional sensing methods

Wearable devices represent a predominant method for fall detection 
in the construction industry. Their primary function is to identify po
tential fall risks by measuring workers’ Loss of Balance (LoB). These 
devices can be divided into accelerometers, gyroscopes, or IMUs 
(Ferreira De Sousa et al., 2022; Kim et al., 2020; Yang et al., 2015) worn 
near the body’s center of gravity (such as the waist or head) and devices 
installed on shoe soles or feet to monitor gait stability (Antwi-Afari et al., 
2020; Lin et al., 2022). For instance, Kim et al. (2020) developed an IMU 
system that achieves this level of accuracy by monitoring sudden posture 
changes in workers. Similarly, Maxwell et al. (Antwi-Afari et al., 2020) 
designed a smart insole pressure system that can predict unstable states 
by analyzing abnormalities in workers’ gait. However, wearable devices 
face numerous challenges in practical applications. The significant dif
ferences in individual workers’ movement patterns make data inter
pretation difficult and prone to misjudgments (Hong et al., 2023). 
Improper sensor positioning directly affects detection accuracy, leading 
to unreliable results. Moreover, construction workers typically exhibit 
reluctance to wear devices for extended periods, with research surveys 
indicating that approximately 54 % of field workers are unwilling to 
voluntarily use biometric wearable sensing devices, while a higher 59 % 
refuse to use location-tracking wearable devices (Fugate and Alzraiee, 
2023). Additionally, the limitations in battery life and the exposure of 
devices to dust, moisture, and impacts present at construction environ
ments have the potential to compromise their reliability.

Non-wearable fall detection techniques were less intrusive than 
wearable technology. The effectiveness of using non-wearable technol
ogies, including cameras or ambient sensors, like vibration or sound 
detectors, to record the surrounding environment and track workers’ 
movements has been shown in some studies (Lee et al., 2020b). Due to 
the complicated environments, the investigation into visual-based 
detection techniques has been more thorough. For example, Duan 
et al. (2023b)utilized body posture stability as a means to identify 
worker activities, while Liu et al. (2023)developed a computer 
vision-based non-contact fall detection method to detect fall accidents 
among construction workers. Although non-wearable fall detection 
methods offered advantages in terms of invasiveness, they also pre
sented certain challenges and limitations. Cameras have monitoring 
blind spots, making it difficult to comprehensively cover complex 
worksites. Changes in lighting, obstructions, and dust at construction 
sites significantly affect system reliability (Fang et al., 2019b). Contin
uous video monitoring also raises worker privacy concerns (Seo et al., 
2015). Additionally, deploying high-definition camera networks and 
processing real-time video requires substantial computational resources 
and investment.

Multi-modal fusion methods attempt to overcome the limitations of 
single technologies by combining multiple sensing techniques. Amsap
rabhaa et al. (M et al., 2023b) improved detection accuracy by inte
grating visual and skeletal kinematic features, while Choo et al. (2023b)
developed a high-altitude work safety monitoring system by integrating 
IMUs and barometric pressure sensors. Multi-modal methods demon
strate significant advantages in accuracy and environmental adapt
ability but also increase system complexity and cost. Data 
synchronization issues, deployment difficulties, and high maintenance 
costs make these methods challenging to implement in practical 
applications.

2.2. WiFi-based activity recognition and fall detection

Compared to the conventional fall detection methods discussed in 
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Section 2.1, WiFi-based solutions provide significant advantages. These 
systems can utilize the existing network infrastructure, thereby sub
stantially decreasing implementation expenses. Additionally, WiFi 
technology does not collect personally identifiable information, pro
tecting worker privacy and security. Crucially, environmental lighting 
conditions do not affect WiFi system performance, allowing reliable 
operation in adverse weather and low visibility conditions. These 
characteristics collectively make WiFi-based solutions particularly 
suitable for dynamic and complex environments like construction sites.

CSI is a refined measurement and description by the receiver of the 
characteristics such as attenuation, phase shift, and multipath effects 
that occur in space and time to the wireless signals sent by the trans
mitter during WiFi communication. Researchers have validated the 
feasibility of CSI for activity recognition across multiple domains. In 
healthcare, CSI has been utilized to monitor elderly individuals’ activ
ities and fall status by analyzing fluctuations in wireless signals, thereby 
identifying actions such as sitting, lying down, and walking, which offer 
essential information for patient health assessment (Tan et al., 2018). In 
human-computer interaction, CSI has been employed to recognize ges
tures and body movements (P and Udgata, 2024), with researchers 
developing techniques capable of identifying specific gestures by 
analyzing wireless signals resulting from hand movements (Tang et al., 
2021; Thariq et al., 2020). Furthermore, research has demonstrated that 
CSI can penetrate walls and obstacles for human activity recognition 
(Abuhoureyah et al., 2024). These research investigations collectively 
validate the feasibility and extensive application potential of CSI in ac
tivity recognition.

In the construction field, Guo et al. (2023) made a pioneering 
contribution by applying WiFi channel state information to construction 
worker fall detection. However, their experimental design followed the 
conventional treatment in other fields of using two fixed computers as 
transmitting and receiving devices. This arrangement exhibits multiple 
challenges in changing construction site conditions. Initially, the 
deployment of numerous fixed devices over a construction site presents 
logistical complexities and time-consuming tasks, necessitating careful 
preparation and installation to guarantee sufficient coverage and over
lap among devices. This approach necessitates that the worker be situ
ated between the two devices, which may restrict movement and impact 
work efficiency. Additionally, the detection accuracy of CSI with fixed 
receivers is significantly affected by the distance from the line-of-sight 
(LoS) path. In wireless communications, the LoS path refers to the 
direct propagation path from transmitter to receiver, and when workers 
move away from this direct path, the model’s detection sensitivity 
typically decreases. Wang (Wang et al., 2017a) established that detec
tion rates decline markedly with increasing distance from the LoS path. 
At construction site environments, maintaining a stable line-of-sight 
propagation path is extremely difficult due to numerous obstacles and 
constantly changing equipment layouts, posing serious challenges for 
fixed receiver configurations in practical applications.

To address these limitations, our research takes an innovative 
approach by introducing mobile receiving devices (such as smart
phones) for fall detection at construction sites. This approach offers 
significant advancement over conventional fixed-device configurations. 
Workers carrying the receiving device ensure that the monitored subject 
always remains close to the LoS path between transmitter and receiver, 
significantly enhancing detection sensitivity. This adaptive approach 
diminishes dependence on fixed devices, simplifies implementation, and 
improves the overall flexibility of fall detection methods. Utilizing the 
widespread adoption of smartphones, our solution offers a cost-efficient 
and easily accessible method for fall detection on construction sites, 
while effectively overcoming the problem of reduced detection sensi
tivity caused by workers staying away from LoS paths in conventional 
fixed equipment configurations.

However, employing a mobile receiver also introduces a range of 
technical challenges, such as Doppler effects, difficulty distinguishing 
between signal variations caused by receiver movement and those 

caused by target actions, and increased signal processing complexity in 
multipath environments. These challenges, along with their corre
sponding solutions, will be discussed in detail in the methodology and 
discussion sections.

3. Methodology

3.1. Preliminaries

Wireless signals are influenced by objects and human activities in the 
environment during propagation. When a human body moves near a 
wireless transmission path, the signal experiences multipath effects 
including reflection, scattering, and diffraction, causing variations in the 
amplitude and phase of the received signal. The channel’s changing 
amplitudes and phases are a reflection of the variations in the signal as it 
moves through it, which match the variations in the movement of the 
body’s parts (Yousefi et al., 2017; Qian et al., 2017). This is why we 
decided to perform the analysis of the fall experiment by extracting the 
CSI.

In the current mainstream 802.11 WiFi systems, based on Orthog
onal Frequency-Division Multiplexing (OFDM) technology, the data 
stream is divided into multiple substreams, which are transmitted in 
parallel through multiple subchannels of different frequencies (Patil 
et al., 2017). Each subchannel utilizes independent subcarriers, and CSI 
is the channel attribute used to describe each subchannel in this system, 
specifically referring to the values of each element in the channel matrix 
H. The channel matrix can be shown as follows, Eq. (1), assuming that 
the transmitter has M antennas, the receiver has N antennas, and that K 
subcarriers are utilized for communication: 

CSIi =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

H1,1 ⋯ H1,N

⋮ ⋮ ⋮
Hj,1

⋮

HM,1

Hj,k

⋮

…

Hj,N

⋮

HM,N

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(1) 

where i represents the i-th CSI packet transmission. Each element Hj,k in 
the channel matrix represents the channel response between the j-th 
transmit antenna and the k-th receive antenna. It can be represented as 
Eq. (2): 

Hj,k =
[
hj,k,1,hj,k,2,…,hj,k,K

]
(2) 

Multipath signal propagation appears as time-delay spread in the 
time domain and causes frequency-selective fading in the frequency 
domain. Therefore, CSI can be described through Channel Frequency 
Response (CFR), which characterizes multipath signal propagation 
through amplitude-frequency and phase-frequency characteristics. CFR 
can be represented as Eq. (3): 

hj,k,K =
⃒
⃒
⃒
⃒hj,k,K

⃒
⃒
⃒
⃒ej∠hj,k,K (3) 

where hj,k,K represents the Channel State Information of the k-th sub
carrier, 

⃒
⃒
⃒
⃒hj,k,K

⃒
⃒
⃒
⃒ represents the amplitude of the k-th subcarrier, and ∠ 

hj,k,K represents the phase of the k-th subcarrier.
CFR has a direct and distinct correlation with human activities. 

Different activities produce specific motion patterns that affect wireless 
signal propagation paths in unique ways. These characteristic patterns 
in CFR data can be used to distinguish various activity states. More 
specifically, by analyzing CFR amplitude, phase change rates, and inter- 
subcarrier correlations, we can extract key features that differentiate 
normal activities from fall events.

The Intel 5300, a widely used CSI hardware, can access 30 sub
carriers. However, the number of accessible subcarriers has surged to 
about 256 with the introduction of Nexmon devices that support 
802.11ac and 80 MHz channels. This expanded access to subcarriers can 
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potentially improve the accuracy and reliability of activity recognition 
models that rely on CSI data. The acquired CSI data demonstrates that 
the CSI amplitude fluctuation in a 20 MHz bandwidth under 2.4G band 
is more noticeable with the movement of the human body, hence in this 
experiment, we perform the data acquisition in a 20 MHz bandwidth, 
which can obtain 64 subcarriers. The experimental setup is to select one 
antenna of the router as the transmitting side, while the smartphone at 
the receiving side has only one antenna. Therefore, the collected CSI 
data can be represented as Eq. (4) and Eq. (5): 

H=
[
h1,1,1,h1,1,2,h1,1,3…h1,1,64

]
(4) 

h1,1,1 = [H(t1)⋯H(tn)] (5) 

H represents the CSI data acquired at this setting, where each H(t_n) 
represents the CFR on that subcarrier at time point t_n, recording the 
amplitude and phase information of the signal at that moment.

3.2. Experiment design

3.2.1. Experiment setup
Since the release of Linux 802.11n CSI tools (Halperin et al., 2011), 

the majority of commonly used receivers are paired with systems 
equipped with Intel 5300 wireless cards. A laptop that can support this 
wireless card is needed for the receiver. With the release of the Nexmon 
firmware (Schulz et al., 2016), it is now possible to extract CSI from 
mobile phones. Compared to conventional CSI collection methods based 
on Intel 5300 wireless cards, Nexmon allows users to modify and 
customize wireless network card firmware, enabling the capture of more 
comprehensive and detailed CSI data on smartphones, including channel 
state, multipath effects, interference, and signal strength.

In our experimental setup, we selected a TL-XDR3010 WiFi router as 
the transmitter and a Nexus 6p smartphone as the receiver. The Nexus 
6p was chosen because it features a Broadcom WiFi chipset (bcm4358) 
compatible with Nexmon firmware. The router operated at 2.4 GHz 
frequency on channel 13, employing MIMO mode with OFDM trans
mission. Using the PSPing tool to generate network traffic, the router 
broadcasts approximately 100 data packets per second on average.

To facilitate efficient data collection, we developed an application 
using Android Studio to run on the Nexus 6P. This application controls 
and manages the WiFi channel state information acquisition process, 
storing data in the smartphone’s memory. The application invokes 
Nexmon firmware to extract CFR matrices, with configuration parame
ters including channel 13 and 20 MHz bandwidth. The design ensures 
receiver mobility while enabling real-time data storage and convenient 
Nexmon tool integration, eliminating the need for data cable connec
tions during collection. Through our custom program, each dataset can 
collect information from 64 subcarriers.

Fig. 1 illustrates the communication mechanism between compo
nents in the experimental system. The laptop generates traffic by 
sending ping packets to the WiFi router, which responds with pong 

packets. The smartphone then captures CSI at each pong packet trans
mission, recording physical environment interference information be
tween the smartphone and router, which reflects the impact of human 
activities on wireless signals.

3.2.2. Data collection
Our data collection was conducted in an outdoor environment 

designed to simulate the complex conditions of a construction site. To 
introduce realistic dynamic interference, the site was chosen to be 
adjacent to a busy main road, ensuring a constant and unpredictable 
background of signal fluctuations from passing vehicles and pedestrians. 
Furthermore, during the experiments, non-participating personnel 
would occasionally walk through the periphery of the test area, adding 
another layer of human-induced dynamic noise. The environment also 
included static sources of interference typical of a worksite, such as 
numerous stacks of construction materials and continuously operating 
HVAC and plumbing systems, which created a rich multipath environ
ment. This setup ensured that our model was trained and tested against a 
backdrop of realistic, uncontrolled environmental noise rather than in a 
static setting.

The data collection design intends to construct a robust and gener
alizable model by adding diversity to the dataset. We established three 
distinct horizontal distances of 2m, 6m, and 10m between the WiFi 
transmitter and the mobile receiver to evaluate performance under 
different spatial configurations. Participants were instructed to perform 
their activities while ensuring the smartphone, as the mobile receiver, 
maintained an approximate distance to the WiFi transmitter. To simu
late realistic usage, the smartphone’s placement was also varied, being 
positioned in the participant’s hand or their trouser pocket, as illustrated 
in the experimental scenes in Fig. 2. Furthermore, we incorporated 
orientational diversity, conceptualized in Fig. 3, by having participants 
perform activities in distinct, representative orientations relative to the 
transmitter. This approach ensures the model learns the intrinsic fea
tures of an activity, a process aided by our mobile-receiver architecture, 
where the subject’s body is always the primary scatterer near the 
receiver, rather than learning dependencies on specific geometric 
configurations.

The participants performed five activities to test the capability of the 
method to differentiate between falls and other vigorous movements. 
We selected squatting, brick lifting, and climbing as they are common 
activities within a construction environment. These movements repre
sent a class of challenging, fall-like activities of daily living (ADLs). The 
literature widely confirms that such ADLs are a primary source of false 
alarms (Wang et al., 2017a, 2017b), as their large vertical motions 
produce CSI fluctuations similar to a genuine fall. The fall event was 
simulated as a rapid, large-scale body motion involving a sudden loss of 
balance from a standing or walking posture and a collapse onto a safety 
mat. Other fall-like activities included squatting, which involved a 
vertical displacement of approximately 0.8–1 m, and brick lifting, where 
participants bent at the knees and waist to pick up a standard brick 

Fig. 1. Activity capture layout.
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before returning to an upright stance. Ladder climbing and stair climb
ing were designed as continuous motions of ascending or descending a 
three-step ladder or a flight of stairs, respectively, all within the 5-s 
collection window. All these postures involve changes in the vertical 
position of the human body. The demographic information of the six 
university students recruited for this study is detailed in Table 1. While 
students’ execution of specific tasks may differ from seasoned workers, 
the fundamental biomechanics of an involuntary fall are expected to be 
largely consistent.

Each participant completed a total of 120 sets of experiments, 
including 50 fall tests and 70 fall-like common construction activities. 
The fall tests were performed at three different distances to assess the 
impact of distance on detection effectiveness. All six participants 
completed a total of 720 sets of experimental data. Due to the influence 
of network topology on the speed of generating traffic in WiFi, the flow 
rate is not uniform. Each dataset lasted approximately 5 s, automatically 
stopping after collecting 500 packets, with each packet containing in
formation from 64 subcarriers, creating a 500 × 64 data sample size. A 
researcher simultaneously recorded the experiments on video for precise 

data annotation.
All experimental procedures were approved by the Human Subjects 

Ethics Sub-committee of The Hong Kong Polytechnic University (PolyU) 
under the reference number HSEARS20231016005. All participants 
provided informed written consent before the experiments and were 
informed that they could withdraw at any time.

3.3. Data analysis

This section provides a detailed description of the complete pro
cessing workflow from raw WiFi-CSI data to feature representations for 
fall detection. Fig. 4 illustrates the entire data processing framework, 
encompassing two key stages: data preprocessing and Doppler spectral 
feature extraction.

3.3.1. Preprocessing
The primary goal of data preprocessing is to transform raw WiFi-CSI 

data into high-quality channel information that accurately reflects the 
impact of human activities on wireless signals. Our preprocessing 
workflow was specifically optimized for CSI data collected from mobile 
receivers.

During data collection, the transmitter sent UDP packets at a pre
defined rate, while the receiver captured these packets using modified 
Nexmon firmware. Each CSI sample contained a complex channel fre
quency response across OFDM subcarriers. We extracted UDP packets 
from.pcap files and employed appropriate unpacking methods for the 
bcm4358 WiFi chipset to convert the data into complex form with real 
and imaginary parts. This resulted in a CFR matrix with dimensions 
(500,64), containing amplitude and phase information for 64 

Fig. 2. Experimental scenes.

Fig. 3. 3D model of the experiment environment.

Table 1 
Demographic information of participants.

Participants Age (Years) Height (cm) Weight (kg) Gender

1 24 171 57 Female
2 30 167 55 Female
3 26 183 60 Male
4 23 182 86 Male
5 24 180 90 Male
6 22 185 95 Male
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subcarriers across 500 packets with millisecond-level timestamps, stored 
in.mat format.

CSI data in mobile receiver scenarios faces several unique challenges. 
When the receiving device moves, signal propagation paths continu
ously change, leading to more complex multipath effects. Receiver 
movement also introduces significant Doppler effects, causing signal 
frequency shifts (Sarkar et al., 2003). Additionally, channel character
istics during movement exhibit time-varying properties (Sayeed and 
Aazhang, 1999), making sampling unstable. Due to hardware limita
tions, smartphones typically generate CSI data with severe phase jumps 
and noise interference (Wang and Ho, 2024; Liu et al., 2021). These 
factors impact CSI data quality significantly, particularly phase infor
mation, reducing the accuracy of human activity recognition.

We implemented a comprehensive signal processing strategy based 
on the SHARP framework (Meneghello et al., 2023). The raw CSI data is 
first processed by FFT spectral shift (fftshift) to place the zero frequency 
components at the center of the spectrum for subsequent analysis. A 
crucial subsequent step in the processing workflow involved the elimi
nation of invalid data, primarily targeting zero-value rows and specific 
subcarriers (such as DC subcarriers and edge subcarriers), which typi
cally carry noise rather than effective signals. Each of the retained 
subcarriers is amplitude-normalized to reduce the effect of different 
received strengths on the results. After these steps, the raw CSI data is 
transformed into normalized and cleaned frequency domain data, which 
establishes the foundation for subsequent processing.

To convert the original frequency domain CSI data into a high- 
precision time domain representation, we employed time domain 
high-resolution reconstruction techniques. This step uses the LASSO 
regression algorithm (Ranstam and Cook, 2018), which is particularly 
suitable for identifying the major components of complex signals. LASSO 
regression across a broader time range initially identified major signal 
paths, followed by secondary optimization with 5-ns fine resolution 
around these critical paths, enhancing signal quality. This two-step 
processing strategy not only improved time-domain resolution but also 
preserved the most critical multipath structural features in the signal, 
outputting high-resolution time-domain impulse responses that more 
accurately reflect subtle signal changes caused by human activities.

Phase correction and format conversion constituted the final critical 
component of preprocessing. We processed the frequency domain signal 
matrix obtained from the previous LASSO optimization, converting it to 
standard format CSI data. The unwrap operation eliminated the phase 
jumps, and the subsequent two-stage phase correction further optimized 
the signal quality. The first stage detected and corrected sudden phase 
changes (phase differences exceeding 0.9π), while the second stage 

removed residual phase errors through linear fitting. This method 
effectively eliminates the system phase noise caused by internal clock 
drift and sampling bias in WiFi devices, preserves the phase information 
generated only by channel variations, and ultimately outputs standard 
format CSI data containing corrected amplitude and phase, which is 
suitable for subsequent sensing applications.

Through the above processing flow, the raw data are transformed 
into high-quality CSI matrices containing corrected amplitude and phase 
information. These optimized data can more accurately reflect the 
impact of human activities on wireless signals in the construction site 
environment, providing a foundation for subsequent feature extraction 
and activity recognition.

3.3.2. Doppler spectral feature extraction
After data preprocessing, it is necessary to extract features that 

accurately characterize human activities. The Doppler spectrum is 
particularly suitable, as it intuitively reflects velocity-related charac
teristics during human movement. This section describes the conversion 
process from the processed CFR matrices to Doppler spectrograms.

The preprocessed data had a shape of (500,58,2), where 500 repre
sents the number of packets in the time sequence, 58 represents the 
number of subcarriers, and 2 represents amplitude and phase channels. 
These data packets contained rich temporal information, recording 
wireless signal change patterns caused by different human activities at 
construction site environments.

To effectively capture complete temporal features of activities, we 
employed a sliding window strategy to calculate Doppler spectrograms. 
Each window contained 140 consecutive data packets with a sliding step 
size of 2. The larger window size ensured that a complete action cycle 
could be captured within a single window while providing sufficient 
temporal resolution to record subtle changes during the action process. 
The smaller sliding step ensured fine-grained sampling in time, helping 
to capture rapidly changing movement details. The data shape of a 
single sliding window is (140,58,2), and a total of 180 windows are 
generated for the entire sliding process.

For data within each sliding window, we first applied a Hanning 
window function (Lessard, 2006) to reduce spectral leakage effects. This 
step effectively reduced pseudo-peaks caused by window truncation in 
FFT transformations, improving the accuracy of spectral estimation. 
Subsequently, we performed zero-padded FFT processing on the tem
poral signals within the window, appending 40 zeros to the original 
140-point signal, expanding it to 180 points, and then executing a 
180-point FFT transformation. This zero-padding operation enhanced 
spectral interpolation resolution, making velocity resolution more 

Fig. 4. CSI data processing framework.
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refined.
The primary purpose of applying the FFT was to transform time- 

domain CSI amplitude variations into the frequency domain, thereby 
enabling the extraction of Doppler frequency shift features induced by 
human movement. According to the Doppler effect, the frequency shift 
of a wireless signal caused by a moving target is proportional to the 
target’s radial velocity relative to the signal source. Through the FFT 
transform, these velocity-dependent frequency components are made 
explicit to distinguish the unique velocity features of different move
ment patterns. The Doppler vector output from the FFT for each window 
had a shape of (180,1), with each element in the vector corresponding to 
a specific velocity component, its value representing the energy in
tensity of that velocity component.

Finally, all 180-dimensional Doppler vectors produced by sliding 
windows were stacked in chronological order, forming a two- 
dimensional Doppler time-frequency spectrogram with a shape of 
(180,180). In this spectrogram, the horizontal axis represents time 
progression, determined by sliding window positions; the vertical axis 
represents Doppler frequency shifts, reflecting the target’s radial 
movement velocity relative to the transmitter; and the pixel brightness 
represents the signal energy intensity at that time-frequency point.

This Doppler time-frequency spectral representation method intui
tively displays unique time-varying frequency feature patterns produced 
by human activities. Compared to conventional time-domain or 
frequency-domain features, Doppler time-frequency spectrograms 
simultaneously contain information from both time and velocity di
mensions, more comprehensively describing the dynamic characteristics 
of complex human activities. Especially for common movements at 
construction sites such as squatting, carrying bricks, climbing ladders, 
climbing stairs, and falling, Doppler spectrograms can capture the 
unique velocity change patterns of these movements, providing high- 
resolution, physically interpretable feature inputs for subsequent ac
tivity recognition.

3.4. Model architecture

The Doppler spectrograms obtained from previous steps contain rich 
time-frequency features that require extraction and classification 
through an effective deep learning architecture (Huizing et al., 2019; 
Kim and Moon, 2016). It has been shown that the lightweight Inception 
module proposed in SHARP (Meneghello et al., 2023) exhibits excellent 
classification performance in processing Doppler features, which stems 
from its unique multi-scale feature extraction capability that can effec
tively capture the multi-level changes in Doppler spectrograms gener
ated by human movements. The time-frequency patterns embedded in 
Doppler spectrograms often have multi-scale structural characteristics, 
and the velocity changes of human activities have both macroscopic 

overall trends and microscopic fluctuations. The lightweight Inception 
architecture employs parallel multi-scale convolutional paths, enabling 
simultaneous extraction of features at different scales without a signif
icant increase in computational complexity. This characteristic is 
particularly valuable for resource-constrained practical applications 
scenarios like construction sites. Based on these advantages, our 
research further optimized the Inception architecture to meet the spe
cific requirements of fall detection tasks in construction site settings.

Our proposed CSI-based lightweight Inception-reduction fall detec
tion network architecture consists of five core components, illustrated in 
Fig. 5. The input layer receives 180 × 180-dimensional Doppler spec
trogram matrices, with the time dimension (180) representing consec
utive Doppler vector sequences and the frequency dimension (180) 
corresponding to velocity resolution intervals, completely capturing 
time-varying velocity features of human movement.

The improved Inception-reduction module employs a four-path 
parallel structure for multi-scale feature extraction. The 2 × 2 
maximum pooling branch with a stride of 2 captures the prominent 
feature representations in the spectrogram and effectively extracts the 
peak velocity features during the action. The 2 × 2 convolutional branch 
with a stride of 2 extracts mesoscopic-scale feature information, 
focusing on the overall structure of the action. The multi-scale convo
lution cascade branch implements gradual extraction of fine-grained 
features through a concatenated structure of 1 × 1, 2 × 2, and 4 × 4 
convolution kernels, capturing minute but crucial movement details. 
And the 3 × 3 maximum pooling branch with a stride of 2 captures 
broader contextual information, enhancing global semantic under
standing of actions. The feature maps from these four branches are 
concatenated along the channel dimension, achieving effective fusion of 
multi-scale features and forming a comprehensive characterization of 
motion.

To reduce model size while preserving key information, the feature 
optimization layer first employs a 1 × 1 convolution (with 4 kernels) to 
compress the originally high-dimensional channels to 4, preserving 
essential information while reducing computational cost. This dimen
sionality reduction process preserves the essential part of the informa
tion by learning linear combinations between features, while 
significantly reducing the number of parameters and computational 
burden. The reduced feature maps are flattened into one-dimensional 
vectors to provide input for fully connected layers. This design effec
tively reduces model complexity while preserving key feature informa
tion, improving training efficiency, and enhancing generalization 
capability.

Dropout regularization is integrated into the network, which 
temporarily deactivates neuron connections with a probability of 0.2 
during the training phase, forming different network substructures to 
participate in each weight update. Subsequently, a fully connected layer 

Fig. 5. The framework of the model.
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takes the one-dimensional feature vector as input and performs linear 
combinations with the weights of each neuron. And the output layer 
produces binary classification results that clearly distinguish between 
fall and N-fall states. This output design meets the practical needs of 
safety monitoring at construction sites and can provide clear alert sig
nals directly to the safety management system.

3.5. Evaluation metrics

To comprehensively evaluate the performance of the proposed 
method, this study employs multiple common classification evaluation 
metrics, including Precision, Recall, Accuracy, and F1 score. Precision 
reflects the proportion of actual falls among samples identified as falls, 
measuring the model’s ability to reduce false positives; Recall represents 
the proportion of actual fall events correctly identified, measuring the 
model’s ability to capture all real fall events; Accuracy provides a 
measure of overall classification performance; F1 score considers both 
precision and recall, offering a more balanced performance assessment. 
Given the application scenario of construction site fall detection sys
tems, Recall holds particular importance in this study. In safety moni
toring systems, missing fall events (false negatives) can lead to serious 
consequences, including delayed rescue and increased risk of injury. 
Therefore, while all metrics have reference values, improving recall is a 
priority consideration when designing the system.

4. Result

4.1. Analysis of features in spectrograms

The Doppler spectrograms visualize the time-frequency characteris
tics of different human activities and provide a physical perspective for 
understanding how CSI signals capture fall events at construction sce
narios. Fig. 6 illustrates Doppler spectrograms of six typical construction 
activities, including falling, static environment, brick lifting, ladder 
climbing, squatting, and stair ascent/descent.

Falling motion (Fig. 6a) exhibits unique time-frequency pattern 
characteristics. Initially, from 0 to approximately 1.89 s, the spectro
gram shows energy tightly concentrated around the 0 m/s axis, indi
cating the subject is in a stable, stationary state. Beginning at 1.89 s and 
intensifying until around 3.15 s, a dramatic event unfolds as the spectral 
energy rapidly disperses across a wide velocity range, peaking at 
approximately ±4.23 m/s. This creates a prominent vertical expansion 
in the spectrogram, corresponding to the critical phase where the indi
vidual loses balance and accelerates towards the ground. In the subse
quent interval, from 3.15 to 4.41 s, the energy distribution begins to 
contract, but significant spectral fluctuations persist, reflecting the 
complex dynamics of the body impacting the ground and the subse
quent, uncoordinated settling movements. These asynchronous limb 
movements appear as highly dispersed energy distributions in the 
spectrogram. After 4.41 s, the energy swiftly reconverges to the 0 m/s 
baseline and remains stable, signifying that the fall is complete and the 
subject has returned to a stationary state on the ground. The charac
teristic pattern of the fall is its rapid energy dispersion within a short 
period and its following quick convergence, which starkly contrasts with 
the other activities.

Static environment (Fig. 6b) serves as a reference baseline, 

displaying spectral characteristics when no human activity is present. 
Throughout the observation period, energy remains stably concentrated 
near 0 m/s, forming a narrow band. This feature reflects the scattering 
characteristics of static objects in the environment, with no apparent 
Doppler frequency shift phenomena.

Brick lifting activity (Fig. 6c) demonstrates spectral characteristics 
different from falling. During the 0.76–1.13 s interval, the spectral en
ergy spreads towards ±1.41 m/s, reflecting the participant’s start of the 
bending and reaching action, with the upper body tilting down to pro
duce a negative velocity component, and the arm stretching downward 
also contributing to the negative motion signature. The energy spread 
reaches a maximum range (±2.82 m/s) between 1.13 and 1.89 s, cor
responding to the critical phase when the participant grasps the brick 
and begins to lift it, with the legs, waist, and arms working in coordi
nation to produce a complex pattern of movement. Between 1.89 and 
2.27 s, spectral energy fluctuations gradually decrease, indicating the 
participant adjusting posture, possibly raising the brick to the target 
height. From 2.27 s until the end of the recording, energy primarily 
concentrates near 0 m/s, suggesting the participant has completed the 
lifting action and maintains a stable posture, possibly holding the brick 
with arms extended forward or placing it in a specific position. The 
spectral characteristic of brick lifting lies in its energy dispersion being 
less pronounced than falling, with changes occurring more gradually 
and in an orderly manner, reflecting a controlled, purposeful action.

Ladder climbing activity (Fig. 6d) presents distinctive periodic 
spectral characteristics. From 1.89 s onward, the spectrogram displays 
evident periodic alternating energy patterns, particularly during the 
active climbing phase between 1.89 and 7.18 s. This periodicity corre
sponds to the alternating hand and foot movement patterns during 
climbing: lifting legs generates positive velocity components, while arms 
grasping the next rung produce negative velocity components. Each 
periodic fluctuation in the spectrogram (approximately 1–1.5 s in
tervals) likely represents a complete climbing gait cycle, including leg 
lifting, grasping, body elevation, and other coordinated movements. The 
spectral characteristics of ladder climbing were mainly characterized by 
sustained periodic fluctuations rather than a single intense dispersion 
process seen in falling, reflecting a rhythmic, repetitive activity.

Squatting activity (Fig. 6e) exhibits distinct three-phase character
istics. During the 0–3.78 s preparation phase, spectral energy concen
trates in a narrow band near 0 m/s, indicating the participant is in a 
relatively static standing posture, maintaining stability, preparing to 
begin the squatting motion. In the 3.78–5.67 s interval, spectral energy 
rapidly disperses to a range of ±2.82 m/s, forming a notable vertical 
expansion band. This phase corresponds to the complete squat-rise ac
tion sequence: the participant’s center of gravity first moves downward, 
then recovers upward, and this bidirectional vertical movement appears 
as energy dispersion and fluctuation in the spectrogram. The key 
distinction between squatting and falling lies in the controllability of 
movement and symmetry of energy changes: squatting displays an 
orderly descent-ascent process, while falling is an uncontrolled unidi
rectional energy dispersion.

Stair ascent/descent activity (Fig. 6f) exhibits continuous periodic 
energy distribution concentrated within the ±2.12 m/s range. 
Throughout the 7.18-s observation period, the spectrogram displays 
stable alternating energy distribution patterns, reflecting the alternating 
elevation patterns of the participant’s legs and torso during stair 

Fig. 6(A). Doppler spectrogram of falling motion.
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movement. Compared to falling, the spectral changes in stair climbing 
are more uniform and sustained, with relatively stable energy distribu
tion ranges, reflecting a regular, predictable human movement pattern.

Notably, the multipath characteristics of WiFi signal propagation 
significantly influence Doppler spectrograms. Even single-direction 
human movements may simultaneously present positive and negative 
frequency shifts in the spectrogram. This phenomenon can be under
stood through the following example, when a worker walks forward, 
relative to a WiFi receiver positioned in front of the worker, the body’s 
movement direction forms an angle close to 0◦ with the signal propa
gation path, generating a positive Doppler frequency shift. At the same 
time, relative to the signal path reflected by the wall behind the worker, 
the body is moving away from this reflection path at an angle close to 
180◦, thus generating a negative Doppler shift. Furthermore, even 
within the same action, such as bending during brick lifting, different 
body parts generate different shift effects: the upper body bending 
downward produces negative frequency shifts, while the legs might 

generate slight positive shifts to maintain balance. These physical 
mechanisms collectively explain why both positive and negative fre
quency shifts appear simultaneously in spectrograms, especially pro
nounced in complex construction environments.

The Doppler spectral analysis results demonstrated that fall events 
exhibit distinct characteristics compared to other construction activities. 
Specifically, falls are marked by a short period of intense energy 
dispersion (within the range of ±4.23 m/s), followed by rapid spectral 
convergence. In contrast, other activities display their own unique but 
comparatively constrained spectral patterns. These observations provide 
a robust physical foundation for developing fall detection algorithms 
based on Doppler features.

4.2. Analysis of overall model detection performance

After analyzing the time-frequency domain features of different ac
tivity types, this section evaluates the overall performance of the CSI fall 

Fig. 6(B). Doppler spectrogram of a static environment.

Fig. 6(C). Doppler spectrogram of brick lifting.

Fig. 6(D). Doppler spectrogram of ladder climbing.

Fig. 6(e). Doppler spectrogram of squatting.

Fig. 6(f). Doppler spectrogram of stair ascent/descent.
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detection model for mobile receivers constructed based on these fea
tures. To fully leverage the collected diversity, all 720 datasets, each 
representing a self-contained activity instance, were pooled and 
randomly shuffled before being partitioned into training, validation, and 
testing sets with a 6:2:2 ratio. This approach is consistent with meth
odologies in the WiFi sensing literature (Chu et al., 2023; Lee et al., 
2020c), where similar random data partitioning is employed to validate 
generalized human activity recognition systems. Table 2 shows the 
confusion matrix of the model on the test set, where “Fall” represents fall 
events and “N-Fall” represents all non-fall activities (including common 
activities at construction sites such as lifting bricks, climbing ladders, 
squatting, and stair ascent/descent).

From the confusion matrix, the model correctly identified 63 out of 
67 actual fall samples and only 4 were misclassified as non-falls; 
meanwhile, 72 out of 77 non-fall samples were correctly identified 
and 5 were misclassified as falls. This indicates that the model exhibits 
high accuracy in recognizing fall events and is particularly effective in 
reducing underreporting, which is crucial for construction site safety 
monitoring.

The performance metrics in Table 3 further confirm the effectiveness 
of the proposed model. The average accuracy across the two categories 
reaches 93.7 %, with balanced performance among all metrics, 
demonstrating the superiority of the Doppler effect-based feature 
extraction method. The slightly higher accuracy in the non-fall category 
indicates that the model effectively reduces false alarms, thereby 
enhancing the system’s reliability and minimizing resource waste in 
practical scenarios. Notably, the fall category achieves a high recall of 
94.0 %, indicating that most actual fall events are detected, which is 
critical for safety management on construction sites. Moreover, F1 
scores exceeding 93 % for both categories confirm that the model ach
ieves a favorable balance between precision and recall, providing a 
robust foundation for real-world deployment.

4.3. Robustness analysis of fall detection performance

To evaluate the practicality of the proposed system in complex 
construction environments, this section analyzes the model’s perfor
mance under different distances. Table 4 displays detection results at 
three test distances of 2m, 6m, and 10m.

The model exhibits satisfactory stability under different distance 
conditions, as shown in Fig. 7. As distance increased, the recall main
tained high levels above 90 % across all distance conditions. This rela
tively limited impact of distance variation on performance may be 
related to WiFi signal propagation characteristics and our system design. 
On the one hand, 2.4 GHz WiFi signals attenuate relatively slowly in 
open spaces, maintaining sufficient signal strength even at 8m distances. 
On the other hand, in this study, the receiver is directly worn on the 
target subject, ensuring that the signal receiving point maintains a fixed 
relative positional relationship with human movements. This mobile 
receiver configuration introduces beneficial multipath effects as the 
human body moves. When the receiver moves with the human body, it 
creates dynamic multipath propagation patterns that enrich the CSI 
features. These multipath effects can partially compensate for distance- 
related signal attenuation by providing additional signal diversity, 
ensuring that even as distance increases, sufficient information remains 
available for accurate activity detection. Regardless of how the distance 
between the human body and the transmitter changes, the receiving 

device can capture human motion features of similar quality. The pre
cision for non-fall categories remained above 97 % at all distances, 
demonstrating excellent stability. Although F1 scores fluctuated slightly 
with distance changes, they maintained good levels above 85 %, veri
fying the model’s reliability under different distance conditions.

5. Discussion

5.1. Performance and contribution

This study introduces a fundamental shift in how WiFi sensing is 
applied to construction safety. Previous explorations in this domain 
have predominantly relied on static systems with both fixed transmitters 
and receivers. This configuration is inherently restrictive for dynamic 
construction environments, where work zones are constantly reconfig
ured and workers are highly mobile, making fixed-device solutions 
fundamentally difficult to scale and impractical for site-wide coverage. 
Our primary methodological innovation is the adoption of a mobile 
receiver worn by the worker. This transforms the sensing paradigm from 
monitoring a fixed space to creating a person-centric, dynamic sensing 
field. The core principle is that the receiver moves with the subject, 
ensuring that motion-induced signal variations are consistently and 
robustly captured regardless of the worker’s absolute location relative to 
the transmitter.

The feasibility and effectiveness of this mobile-receiver framework 
were validated through a series of simulated experiments. The system 
demonstrated strong performance, achieving an overall accuracy of 
93.7 %. Crucially for a safety application, it attained a high recall of 
94.0 % for fall events, indicating a very low risk of missing detections. 
Furthermore, the system exhibited significant spatial robustness. As 
validated by our results, it maintained high accuracy (consistently above 
93 %) and fall recall (above 90 %) across tested distances of 2m, 6m, and 
10m. These findings confirm that our approach is not only innovative in 
principle but also effective and reliable in practice, offering a feasible 
and robust solution for fall detection at construction scenarios.

An interesting finding from our robust analysis is the system’s stable, 
and even slightly enhanced, performance at greater distances, a seem
ingly counterintuitive result. This phenomenon indicates that perfor
mance in CSI sensing is governed by a complex interplay of factors, not 
just signal strength. Foundational work in this field has established that 
CSI provides fine-grained channel measurements across multiple sub
carriers, capturing the detailed multipath propagation effects that are 
sensitive to human motion (Yang et al., 2013). At very close range, the 
dominant LoS signal may cause the system to be overly sensitive to 
minor, unintentional movements of the user holding the mobile 
receiver. At a moderate distance (6–10m), however, a more favorable 
sensing environment emerges. Here, the attenuated LoS signal becomes 
more balanced with multipath components, creating a richer 

Table 2 
Confusion matrix of Fall.

Predicted

Actual Fall N-Fall

Fall 63 4
N-Fall 5 72

Table 3 
Performance of the model in monitoring Fall.

Precision Recall F1 Accuracy

Fall 92.7 94.0 93.3 93.7
N-Fall 94.7 93.5 94.1 93.8

Table 4 
Performances of the model in monitoring Fall at different distances.

Precision Recall F1 Accuracy

2m Fall 81.5 91.7 86.2 93.1
N-Fall 97.3 93.5 95.4 93.1

6m Fall 77.2 94.4 85 93.7
N-Fall 98.6 93.5 96 93.7

10m Fall 82.8 96 88.9 94.1
N-Fall 98.6 93.5 96 94.1

Y. Hu et al.                                                                                                                                                                                                                                       Developments in the Built Environment 23 (2025) 100745 

10 



interference pattern that provides a more distinctive signature for a fall 
event. Simultaneously, the relative impact of micro-movements from the 
user is diminished. This dual effect of increased multipath richness 
(Zhang et al., 2017) and reduced sensitivity to minor instabilities ex
plains the system’s robust performance.

5.2. Practical implications

The successful adoption of our method in a real-world construction 
site hinges on practical strategies for managing false alarms and inte
grating the system into safety workflows. A key mitigation strategy to 
enhance robustness is the strategic deployment of additional WiFi 
transmitters. Placing three to four transmitters around a high-activity 
work zone would create superior spatial diversity. This enriched signal 
environment ensures that a worker’s movement is captured from mul
tiple perspectives simultaneously, making the detection model less 
susceptible to signal blockages or dead spots from a single angle and 
inherently reducing the likelihood of false positives. This solution can be 
deployed effectively in sparsely populated work areas, overhead work 
zones, or other locations where constant manual supervision is difficult. 
Beyond the critical response required for individual falls, the system’s 
value is magnified through the aggregation and analysis of incident 
data. A high frequency of fall events associated with a particular worker 
could serve as a non-punitive indicator of underlying risk factors, such as 
fatigue or health issues, enabling supportive intervention. Concurrently, 
mapping the locations of these incidents can reveal environmental 
hazards. A cluster of falls in a specific area, for instance, provides a clear 
signal to safety managers to inspect and remediate the location, such as 
addressing a slippery surface or an obstacle, thereby preventing future 
incidents for the entire workforce.

For practical implementation, the system needs to evolve from an 
offline, post-event analysis model to one capable of continuous, real- 
time monitoring. This would entail the workers’ device maintaining a 
temporal buffer that continuously stores the most recent segment of CSI 
data (e.g., the last 5 s). A processing module, running either on the de
vice or an edge server, would then analyze this data stream using a 
sliding window approach. By continuously processing overlapping 
windows of the most recent data, the system can ensure that any fall 
event is detected, and an alert is triggered within a few seconds of its 
occurrence. This design for a continuous analysis pipeline directly ad
dresses the need for immediate responsiveness, making it a feasible on- 
site incident management tool.

5.3. Limitations and future directions

While this study demonstrates the possibility of the proposed 
approach for identifying falls among construction workers in a confined 
experimental setting, some limitations should be considered. Current 
experiments were conducted in a small-scale simulated construction 
site, and future validation in larger and more diverse construction en
vironments is necessary. We acknowledge that the dataset, while diverse 
in activities and conditions, was collected from a limited number of 
participants. Future work should involve a larger and more varied 
cohort to further validate the model’s generalizability across a wider 
population. Moreover, the smartphone used was the Nexus 6P, sup
porting Nexmon firmware. Requiring all workers to use a specific 
smartphone model is impractical in real applications. Subsequent 
research should consider hardware device diversity, evaluate different 
receiving devices’ impact on accuracy, or develop more universal signal 
reception solutions. The optimal placement strategy for WiFi routers at 
construction sites represents another worthwhile research direction. 
Signal propagation at construction environments is influenced by site 
layout, construction materials, and obstacles. Determining optimal 
router placement can significantly improve fall detection accuracy and 
effectiveness. In the future, we plan to integrate this technology with 
Building Information Modeling and site management systems to achieve 
a more comprehensive safety monitoring solution.

Furthermore, while our experiments included ambient interference 
from nearby traffic and pedestrians, we did not systematically investi
gate the effect of high-intensity interference occurring in very close 
proximity to the monitored worker. For instance, the scenario where 
another worker passes directly between the subject and the transmitter, 
or where a large metallic object like a tool cart is moved nearby during a 
fall event, was not specifically addressed. The Doppler signatures from 
such close and significant movements could potentially impact the 
model’s performance. Therefore, future research should focus on col
lecting a more diverse dataset that includes these specific close- 
proximity interference events to further evaluate and enhance the 
model’s robustness for deployment in crowded and highly dynamic site 
conditions.

6. Conclusion

This study introduced and validated a new framework for fall 
detection among construction workers, leveraging mobile WiFi-CSI 
signals captured by smartphones. The principal contribution lies in 
shifting the paradigm from static, area-based monitoring to a person- 

Fig. 7. Performance metrics at different distances.
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centric approach, thereby addressing the inherent limitations of con
ventional methods regarding installation cost, privacy concerns, and 
adaptability in dynamic environments. A relationship between several 
common construction activities and fall events, and CSI Doppler features 
is established by validating the Doppler frequency shift characteristics of 
CSI signals under the utilization of receiver movement.

The empirical results demonstrated the system’s high efficacy and 
spatial robustness. It achieved overall accuracy exceeding 93 % across 
various distances and consistently maintained F1-scores above 85 % for 
fall events, confirming its reliability for practical deployment. It pro
vides a more flexible and practical solution for construction site safety 
monitoring, enabling project managers to achieve monitoring of 
workers through smartphones carried with them, and provide timely 
intervention and necessary medical support when a potential fall is 
detected, thus significantly improving the efficiency of site safety 
management. With further development, the system is expected to be 
integrated with intelligent site management systems to form a compre
hensive safety monitoring network.
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