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Abstract

Human activity recognition (HAR) plays a pivotal role in ambient assisted living, particularly for monitoring the elderly
and patients with chronic conditions. However, traditional approaches relying on wearable sensors or video cameras face
significant challenges regarding user compliance and privacy intrusion. To mitigate these issues, this paper proposes a device-
free sensing (DFS) (https://github.com/mestrelan/MDA-CSI) framework utilizing Wi-Fi channel state information (CSI),
named DFs-csI. We introduce a robust Transformer-based architecture designed to capture long-range temporal dependencies
in wireless signals. DFs-CcST was validated using a comprehensive dataset from 86 volunteers, ensuring high generalization

capabilities across diverse human motion patterns.
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1 Introduction

Human activity recognition (HAR) has become a corner-
stone of the emerging Internet of Things (IoT) ecosystem,
enabling critical applications ranging from elderly fall detec-
tion and healthcare monitoring to smart home automation
and intrusion detection [1]. As the global population ages,
the demand for automated, non-intrusive monitoring systems
that can ensure safety without compromising independence
is growing rapidly. HAR has become essential for monitoring
older adults, patients with chronic diseases, and individuals
with disabilities [2]. Its impact on healthcare and well-being
is profound, as monitoring physical patterns helps identify
sedentary behaviors and promotes active habits [3-5]. This
mechanism is crucial for preventing chronic conditions such
as type-2 diabetes, heart disease, and obesity, in addition
to improving mental health [6, 7]. For patients recovering
from injuries or surgeries, continuous monitoring provides
valuable insights into rehabilitation, enabling healthcare pro-
fessionals to tailor interventions based on accurate mobility
data [8].
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Safety is another major concern, particularly regarding
falls and medical emergencies [3, 9]. Automated systems
can detect extended periods of inactivity or sudden falls, trig-
gering alerts to caregivers [3]. Traditionally, HAR systems
have relied on two main approaches: vision-based meth-
ods (cameras) and sensor-based methods (wearables) [10].
However, both face significant adoption barriers. Cameras
raise severe privacy concerns and suffer from performance
degradation in low-light conditions [1, 5], limiting their
acceptance in sensitive areas like bedrooms or bathrooms [11,
12]. Wearable devices (smartwatches or accelerometers) are
often considered intrusive, require regular charging, and
are prone to user non-compliance, especially among elderly
patients with cognitive impairments who may forget to wear
them [5, 8, 13]. Additionally, the cost of high-quality wear-
able devices and monitoring infrastructure can be a barrier
to widespread implementation, particularly among lower-
income populations [14].

To overcome these limitations, this paper proposes DFS-CST,
adevice-free sensing (DFS) framework utilizing Wi-Fi chan-
nel state information (CSI). By analyzing how human move-
ment modulates wireless signal propagation (via reflection,
scattering, and diffraction) [15], DFS-CSI enables activity
detection using standard Wi-Fi infrastructure without requir-
ing users to carry devices or stand before cameras [7, 16]. As
individuals move, they induce unique distortions in the wire-
less signal. By capturing and interpreting these variations
in CSI data, our DFs-CsI can detect physical activities and
daily movements, allowing caregivers and healthcare profes-
sionals to monitor patients’ activities non-invasively [2, 7].

Despite its potential, CSI-based recognition presents sig-
nificant challenges. Wireless signals are inherently noisy
and highly sensitive to environmental changes [1]. Further-
more, distinguishing between complex dynamic activities
(e.g., running vs. sweeping) or subtle static activities (e.g., sit-
ting vs. lying) requires a model capable of capturing intricate
temporal dependencies [11]. While convolutional neural net-
works (CNNs) and recurrent neural networks (RNNs) have
been widely explored, they often struggle with long-range
sequence modeling and parallelization [11, 13].

In this context, this paper proposes a robust Transformer-
based architecture for HAR using CSI data. Adopting the
self-attention mechanism, the proposed model effectively
learns global temporal features from CSI streams. Unlike
previous studies that are often limited to small datasets or
theoretical accuracy, this work focuses on real-world appli-
cability and efficiency.

DFS-CSI uses a Transformer model [17, 18] designed to
process time-series data. It incorporates positional encoding,
multi-head attention, and a fully connected layer, enabling
sophisticated learning of temporal relationships and gener-
ating accurate predictions based on patterns identified in the
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input sequence [2, 8]. We introduced a temporal window-
ing strategy to reduce response time and enable real-time
detection.

Unlike other machine learning models in the literature,
DFs-CsI features a generalized approach capable of identi-
fying the activities of individuals who did not participate in
the model training phase [13, 19]. To ensure high reliabil-
ity, we developed a robust set of specialist binary models,
each optimized to detect a specific activity with maximum
precision. The pFs-csT detects the presence of a person in
aroom and determines whether the person is moving. If the
person is moving, the DFs-csI further classifies the activity
as walking or running. Otherwise, the DFs-csT classifies the
activity as lying down or sitting. To evaluate the performance
of DFs-CsI, we constructed a comprehensive dataset based
on CSI collected in a controlled indoor environment. The
experimental protocol was designed to capture the variations
in Wi-Fi signals caused by human interference, utilizing a
standard 5 GHz network infrastructure. DFS-CST was trained,
validated, and tested using CSI data from 86 volunteers of
various genders, ages, and physical characteristics, collected
in an indoor controlled environment [20]. The collection pro-
tocol encompassed a diverse set of scenarios to ensure the
model’s robustness. Volunteers performed 17 distinct activ-
ities, ranging from static activities (such as sitting and lying
down with different orientations) to dynamic movements
(including walking, running, and sweeping). Additionally,
data from an empty room was collected to establish a base-
line for the absence of human presence. This data is acquired
in real-time, allowing the DFS-CSI to monitor the subject’s
movements as they occur within the environment.

This article represents a significant extension of our pre-
liminary research presented in [19]. This work presents a
comprehensive evolution of the methodology, addressing
scalability and operational efficiency. While our previous
study established the feasibility of the architecture with a
limited cohort, this work expands the scope and depth of the
analysis in critical dimensions:

— Dataset expansion and generalization: We increased
the participant pool from 59 to 86 volunteers (a 45.8%
increase), ensuring that the model generalizes effectively
across diverse body types and physical traits.

— Feasibility analysis: We shifted the evaluation focus
from pure classification accuracy to operational viabil-
ity. This study includes a comprehensive assessment
of computational resources, covering inference latency,
power consumption, and thermal stability, which were
not addressed in the original publication.

— Granular activity analysis: Moving beyond broad activ-
ity groups (e.g., general static activities), we implemented
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specific binary classifiers to distinguish fine-grained
behaviors, such as differentiating “sweeping” from “run-
ning” with high precision.

— Expansion of detection capabilities: Unlike our ini-
tial research [19], which focused on fewer categories,
this study developed and validated a wider range of
models to recognize specific activities that were not previ-
ously addressed. The DFs-CSI can now accurately detect
distinct actions—such as specific types of sweeping, run-
ning, and other complex movements—making the overall
solution much more complete and versatile than previous
approaches.

— Temporal window optimization: We conducted a rig-
orous analysis of input window sizes, identifying that a
reduced 0.5-s window (W = 16 packets) maximizes real-
time responsiveness without compromising accuracy.

— Faster movement detection: Unlike traditional approa-
ches that rely on rigid temporal resolutions, this study
introduces a comprehensive multi-scale analysis using
window sizes ranging from 0.5 to 30s, significantly
enhancing the model’s ability to capture complex CSI
patterns.

— Green Al and efficiency metrics: Unlike previous basic
resource logging, we provide a holistic “Green AI” evalu-
ation, mapping the trade-offs between inference latency,
power consumption, and thermal stability to validate the
DFS-CSI’s suitability for edge deployment.

Our previous work [19] focused on broad categories,
grouping activities into general classes such as “walking/
running” (80% accuracy) or “sitting/lying” (75% accuracy).

The current manuscript improves this by decomposing
these broad groups into specific binary problems, yielding
higher precision.

— Specific distinctions: The new model achieves high
accuracy in distinguishing new activities.

— Improved motion analysis: While the initial model
grouped walking and running, the new study successfully
separates “walking vs. running” and identifies “sweeping
detection.”

— Transitional movements: The new work successfully
analyzes transitional activities (e.g., “sit-to-stand detec-
tion” for sitting/standing transitions), a level of detail not
present in the initial study.

A major limitation of the previous work was the lack of
temporal optimization. The input size was fixed at 1 min of
collected data, and its impact was not analyzed.

The current manuscript introduces a detailed study on win-
dow sizes. By testing windows ranging from 0.5 to 30 s, we

observed that a short window of 0.5 s (W = 16 packets) is
optimal. This configuration achieved:

— High accuracy: 92.32% for movement detection.

— Real-time response: The inference time dropped signifi-
cantly, allowing the DFS-CsI to detect movements almost
instantly.

This finding proves that the current proposal is not only accu-
rate but also faster and more responsive than the version
presented in [19].

The remainder of this manuscript is organized as follows.
Section2 describes related work, while Section 3 presents
the proposed methodology. Section4 discusses the results
obtained. Finally, conclusions and suggestions for future
work are presented in Section 5.

2 Related work

Wi-Fi-based sensing has gained increasing attention in recent
years as a promising approach for device-free monitoring,
leveraging the widespread deployment of wireless infras-
tructure to perceive environmental changes without requiring
users to carry dedicated devices [20, 21]. The radio sig-
nals exchanged between Wi-Fi transceivers are inherently
affected by surrounding objects, as well as by human
presence, activity, and movement, leading to measurable
variations in signal propagation characteristics [20, 21].
While early studies primarily relied on coarse-grained met-
rics such as received signal strength (RSS), more recent
work has demonstrated that channel state information (CSI)
offers a much richer representation of the wireless chan-
nel by exposing fine-grained physical-layer (PHY) details,
including amplitude and phase information across multiple
subcarriers [3, 22, 23]. This increased granularity enables
CSI-based systems to better capture subtle human-induced
disturbances and multipath effects, resulting in improved
robustness and sensing accuracy compared to RSS-based
approaches. Owing to these advantages, CSI has been widely
explored for various applications, ranging from indoor local-
ization and activity recognition to health-related monitoring.
In particular, CSI-based sensing shows strong potential for
elderly care scenarios [6, 21], as it enables unobtrusive and
continuous monitoring in home or hospital environments
while avoiding privacy-invasive sensors and minimizing the
need for additional sensing hardware or costly infrastructure
upgrades [20].

Sai et al. [24] provide a comprehensive and systematic
review of Machine Learning techniques applied to Wi-Fi
channel state information (CSI)-based sensing and recogni-
tion, analyzing over 65 representative models for applications
such as HAR, gesture detection, and indoor localization.
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The work establishes a hierarchical taxonomy categoriz-
ing approaches into classical models, deep learning, and
hybrid strategies while detailing the complete implemen-
tation pipeline, from hardware and software tool selection
to crucial signal processing steps such as noise reduction
and feature engineering. In addition to comparing the per-
formance of architectures in healthcare, smart home, and
security scenarios, the authors identify persistent challenges
related to generalization in dynamic environments and multi-
user interference, proposing future directions involving the
use of fundamental wireless models, federated learning for
privacy preservation, and efficient architectures such as state
space models to enable robust and scalable deployment on
edge devices.

Xiao et al. [25] proposed a semi-supervised generative
adversarial network (GAN) for CSI-based activity recog-
nition, called CsiGAN. The proposed method uses a com-
plement generator, which can leverage limited unlabeled
data to generate diverse fake samples for training a robust
discriminator. For the discriminator, they modify the num-
ber of probability outputs, which helps establish a more
accurate decision boundary. Additionally, they introduced
manifold regularization to stabilize the learning process. The
model was designed to address performance degradation
in leave-one-subject-out validation for CSI-based activity
recognition. However, the data used to train the model con-
tained only three candidates (3), with limited activities,
resulting in low accuracy.

Xiao et al. [26] present Pilot, a passive, device-free indoor
localization system based on channel state information (CSI)
in WLAN networks, which detects and locates human enti-
ties without them carrying equipment. Initially, the system
builds a normal profile from the temporal correlation of CSI
in a static environment, showing that this data does not fol-
low classical distributions such as the Gaussian distribution,
which motivates the use of non-parametric methods. Next,
Pilot defines the concepts of sensing zone and dead spot to
characterize where an AP-DP link can or cannot detect the
presence of an entity, reducing the search space and improv-
ing location accuracy. Anomaly detection is performed by
exploiting the temporal stability of CSI in normal states and
using kernel density estimation to identify deviations caused
by movement, while location is determined by a MAP algo-
rithm that compares anomalous measurements with a passive
fingerprint map built offline. The system also integrates data
fusion from multiple links to increase accuracy. Experimental
evaluations in a laboratory and in a lobby show that Pilot out-
performs traditional RSS-based approaches in both anomaly
detection and location accuracy, highlighting the potential of
using the frequency diversity and temporal stability of CSI
for passive indoor localization applications. Although the
original article reports good numbers in a controlled environ-
ment, comparative studies (e.g., in the WiDetect article table)
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show that PILOT suffers from approximately 10% false neg-
atives and approximately 10% false positives. This places
the actual accuracy at around 80 to 85% in common home
environments, as it very easily confuses slow environmental
changes with movement.

To detect slow human movement, the sensitivity decreases.
The article reports a “true positive rate” that can fluctuate
between 85 and 90% depending on the target’s speed. If the
person moves very slowly, the variance of the eigenvalues is
not sufficient to trigger the alarm without generating many
false alarms.

Caballero et al. [4] proposed an approach for HAR using
commercial Wi-Fi devices. With their method, itis possible to
infer the activity of a monitored person in an indoor environ-
ment. To achieve this, they clean and process the amplitude
of the CSI data collected from the Wi-Fi channel. For the sce-
nario and dataset considered in this study, the results showed
that the random forest (RF) algorithm performed best in all
tests, achieving an average accuracy of 93.03%. However,
the RF model must be trained individually for each person
to detect their activity. Hence, the model must be trained on
a unique individual’s CSI data to function properly.

Wang et al. [27] proposed a multimodal channel state
information-based activity recognition (MCBAR) system
that leverages existing Wi-Fi infrastructure to monitor human
activities using CSI measurements. MCBAR employs a mul-
timodal generator to approximate the CSI data distribution
across different environmental settings with limited mea-
sured CSI data. The generated CSI data from the multimodal
generator provides diversity for knowledge transfer. A 2080ti
GPU was used in their experiments. However, the model’s
training data were limited in both participant diversity and
activity variety, restricting its applicability to new users.

Lietal. [28] proposed a HAR scheme based on the collab-
oration between vision and Wi-Fi. They collected CSI data
from Wi-Fi signals and human skeletal points from video.
They developed a long-short-term Transformer network to
combine the CSI data and skeleton points. The proposed
method uses the Transformer neural network to form the
long-short-term Transformer (LSTT) network, enabling it to
derive the human skeleton points from the CSI data. Their
method achieves 96% accuracy; however, it was tested using
CSI data from only one person, limiting its ability to gen-
eralize to a broader population. Additionally, their method
requires video data, which introduces significant limitations,
including cost, data security concerns, and privacy issues.

Recent studies have also explored the use of commercial
Wi-Fi infrastructure combined with traditional signal pro-
cessing for human activity monitoring. For instance, Boudlal
et al. [29] proposed a low-cost CSI-based system that uses
filtering techniques and principal component analysis (PCA)
to detect basic human movements. Although their work
successfully demonstrates the feasibility of distinguishing
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between sitting and standing states in both line-of-sight
and non-line-of-sight scenarios, their experimental valida-
tion was limited to a single volunteer and only two basic
activities. Furthermore, their approach relies heavily on man-
ual feature extraction and qualitative validation. In contrast,
our proposed DFS-CSI provides a significant advancement by
leveraging a Transformer-based deep learning architecture.
Instead of being limited to two states, our model success-
fully classifies 17 distinct, fine-grained activities. Moreover,
while Boudlal et al. evaluated their system on one individ-
ual, our framework was validated on a highly diverse dataset,
proving its person-independent generalization. Finally, our
automated approach achieves over 92% accuracy with near
real-time processing, demonstrating the superiority of atten-
tion mechanisms in handling the complex variability of CSI
data in practical environments.

Similarly, Boudlal et al. [30] explored a CSI-based moni-
toring system specifically designed for elderly care, utilizing
traditional signal processing techniques such as the discrete
wavelet transform (DWT) and PCA to reduce noise and
extract features. While their study successfully demonstrates
the visual differences in CSI amplitude when a person transi-
tions between sitting and standing, their experimental setup
was highly restricted. They evaluated the system using data
from only a single volunteer performing just two basic activi-
ties, and their validation relied primarily on qualitative visual
analysis using a camera. In contrast, our proposed DFS-CSI
leverages a robust Transformer-based deep learning archi-
tecture to automatically learn complex temporal patterns.
Instead of being limited to two activities, our model success-
fully classifies 17 fine-grained activities. Furthermore, our
approach moves beyond qualitative observations by provid-
ing a rigorous quantitative evaluation, achieving accuracy on
a highly diverse dataset of 86 volunteers. This demonstrates
the superior scalability and real-world applicability of our
person-independent model compared to traditional filtering
methods.

In a related study, Boudlal et al. [31] proposed a device-
free activity recognition system operating specifically in the
5 GHz WiFi band. They employed traditional signal pro-
cessing techniques, including the Hampel filter, DWT, and
PCA, to extract features from four basic movements (sit-
ting, standing, raising a hand, and raising a leg). While their
work successfully demonstrates the sensitivity of the 5 GHz
frequency to human motion, it suffers from critical scalabil-
ity limitations. The experimental validation was restricted to
a single volunteer, and the evaluation was primarily qual-
itative, relying on visual interpretations of PCA heatmaps
rather than rigorous classification metrics. In contrast, our
proposed DFs-csT also effectively utilizes the 5 GHz infras-
tructure but completely automates the recognition process
using an advanced Transformer architecture.

In another preliminary study, Boudlal et al. [32] explored a
multi-environment DF-HAR system using WiFi CSI, apply-
ing techniques such as the short-time Fourier transform
(STFT) and PCA for feature extraction. However, similar
to their other early works, this study was highly constrained
in its scope. The experiments involved only a single volun-
teer performing three basic activities (sitting, standing, and
raising a hand). More importantly, the system’s evaluation
was predominantly qualitative, relying on the visual inter-
pretation of PCA heatmaps rather than employing a robust
machine learning classifier to provide concrete accuracy
metrics.

In another recent conference proceeding, Boudlal and
Serrhini introduced CSHA-CSI [33], a contactless sensing
architecture designed for smart home and healthcare appli-
cations. While this framework further supports the feasibility
of leveraging WiFi CSI for tracking daily activities, it is
primarily presented as an early-stage proof-of-concept. The
evaluation is confined to small-scale data and basic human
motions, lacking the comprehensive testing required to prove
broad generalization.

In another recent investigation, Boudlal et al. [34] eval-
uated the impact of different spatial configurations, with
and without line of sight, on activity detection using CSIL.
Although the study documents in detail how the envi-
ronment affects signal distribution during actions such as
sitting, standing, and walking, the approach has significant
methodological limitations. The system relies on traditional
techniques, such as PCA, for manual feature extraction. Con-
sequently, its validation is purely qualitative, depending on
the visual separation of data into graphs, without providing
exact classification accuracy. Additionally, the experiments
involved only one volunteer, making it impossible to verify
the generalization of the model to new users. To over-
come these shortcomings, our DFS-CSI employs an advanced
Transformers architecture that automatically extracts tempo-
ral patterns without relying on manual observation. Unlike
the study focused on only three activities and one individual,
our research expands the scope to 17 detailed activities.

Recent advancements have also attempted to merge Wi-Fi
CSI with computer vision techniques. For example, Boud-
lal et al. [35] proposed a framework that integrates CSI
with YOLOvS and MediaPipe to perform skeleton-based
pose estimation. While this method provides detailed posture
analysis, it relies on camera-based technologies. This rein-
troduces severe privacy concerns, which defeat the primary
advantage of using Wi-Fi sensing in sensitive environments
like bedrooms or bathrooms. Furthermore, running heavy
visual algorithms like YOLOvVS8 requires substantial com-
putational resources. In contrast, our proposed DFS-CST is
strictly vision-free and relies exclusively on 1D Wi-Fi CSI
signals. By using a highly optimized Transformer model,
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we achieve high accuracy without ever capturing a single
image; thus, we guaranty complete user privacy and low
computational overhead. It proves that complex computer
vision frameworks are not required to achieve robust, person-
independent human activity recognition.

Most recently, Boudlal et al. [36] advanced their CSI-
based framework by incorporating deep learning archi-
tectures, such as BLSTM and CNNs, to classify indoor
activities. While their system achieved high accuracy and
reinforced the privacy-preserving nature of WiFi sensing,
the experimental scope remains fundamentally limited. Their
deep learning models were trained and evaluated on data col-
lected from a single volunteer performing only three basic
activities (sitting, standing, and raising a hand). This lack of
participant diversity severely restricts the model’s ability to
achieve true person-independent generalization in real-world
scenarios.

Table 1 compares our proposal with other studies that
use machine learning methods to monitor human activi-
ties through CSI. DFs-csST stands out with 86 volunteers,

Table 1 Related work comparison

a significantly higher number than that of most compared
studies. This is important because a larger number of volun-
teers can increase data variability, leading to a more robust
and generalizable model. The proposal is also notable for the
quantity and variety of monitored activities. While the com-
pared studies include between 5 and 6 activities, DFS-CST
covers 17 different activities and includes data collected in an
empty room. This diversity enables the model to distinguish
a broader range of behaviors and situations. The proposed
DFS-CST uses Transformer-based models, which are partic-
ularly effective in learning complex temporal patterns and
may be better suited to capture the nuances of postural activ-
ities [37]. This gives it an advantage over traditional methods,
such as GAN and random forest, used in related work. Unlike
traditional multiclass frameworks presented in the literature,
we propose a modular system of binary experts, allowing
each model to focus exclusively on distinguishing specific
activity patterns. Additionally, the proposed DFS-CST is the
only one that uses only real CSI data, independent of the per-
son. This approach is advantageous for practical applications,

Ref. Volunteers Activities ML method Uses only CSI Accuracy
real data indepen-
dent of the person
[4] 125 Sitting, standing, lying, Random forest No 93.03%
walking, running, sweep-
ing
[25] 3 Fall, walk, jump, pickup, GAN No 86.27%
sit down, stand up
[27] 10 Running, walking, falling GAN No 92.90%
down, boxing, circling
arms, cleaning floor
[28] 3 Walking, waving hands, Long-short-term  Trans- No 96%
picking up, jumping, rais- former
ing hands, squatting
[29] 1 Sitting, standing Signal processing (PCA) No Qualitative visual valida-
tion
[30] 1 Sitting, standing Signal processing (DWT + No Qualitative visual valida-
PCA) tion
[31] 1 Sitting, standing, hand up, Signal processing (PCA) No Qualitative visual valida-
leg up tion
[32] 1 Sitting, standing, raising Signal processing (STFT + No Qualitative visual valida-
hand PCA) tion
[33] 1 Basic motions Signal processing No Preliminary validation
[34] 1 Sitting, standing, walking Signal processing (PCA) No Qualitative visual valida-
tion
[35] - Pose estimation (activity YOLOv8 + MediaPipe No -
recognition) (computer vision)
[36] 1 Sitting, standing, raising Deep learning No Up to 100%
hand (BLSTM/CNN)
DFS-CSI 86 17 distinct activities + Transformer Yes 92.32% movement detec-

empty room

tion in around 0.5s
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Table 2 Comparison between

Metric/f
the previous work [19] and the etric/feature

Previous work [19]

Proposed approach

proposed approach Dataset size

Activity granularity
Model architecture
Resource analysis

Real-time feasibility

59 volunteers

Broad groups (e.g., Movement)
Baseline classification

Basic (power/time)

Not evaluated

86 volunteers

Fine-grained (e.g., sweeping)
Transformer + windowing
Advanced (thermal/latency)
Validated (< 0.5s latency)

as it eliminates the need for system calibration for specific
individuals, thereby increasing its applicability in real-world
scenarios. With an accuracy of 92.32%, the DFS-CSTI is
competitive with other methods. This combination of high
accuracy and broad applicability demonstrates the efficiency
and adaptability of the proposed DFS-CST.

Table 2 presents a comparison between the results obtained
in our previous study [19] and the advancements achieved in
this work. While the previous research established a solid
baseline using 59 volunteers, the current study significantly
expands the dataset to 86 volunteers, ensuring greater robust-
ness against data variability.

A major evolution lies in the activity granularity. The
former study focused on broad groups, essentially classi-
fying generic states such as “movement detection” without
identifying the specific type of action performed. In con-
trast, this work addresses fine-grained activities, requiring the
model to distinguish complex, specific motion patterns like
“sweeping” or “running.” Despite this increased challenge,
the proposed approach achieved high accuracy in tasks like
lying vs. sweeping, confirming its precision. Finally, a com-
prehensive resource analysis validates the DFS-cs1’s thermal
stability for real-time Edge Al deployment.

3 Methodology

This section presents the proposed methodology for HAR.
DFS-CSI implements a training and evaluation flow of inter-
actions to optimize accuracy, adjusting hyperparameters
based on losses and performance indicators such as accuracy,
precision, recall, Fl-score, as well as computational effi-
ciency metrics (execution time and power consumption). The
approach involves the development of binary classification
models, each addressing a specific aspect of human activ-
ity: presence, movement, activity, and locomotion. Figure 1
shows the overall processing flow of the DFS-CST structure.

3.1 CSl data collection

Data were collected in a dedicated room at Fluminense
Federal University’s Computer Science Institute using a
Raspberry Pi 4B equipped with a bcm43455c0 chipset.

The Raspberry Pi 4B has only one standard internal antenna.
The experiments were conducted with one router, and the
Raspberry Pi was positioned 1 m from the volunteers, as
illustrated in Fig. 2.

The room layout, depicted in Fig. 2, shows the experimen-
tal setup enabling the capture of Wi-Fi CSI. The experiments
were conducted in a 3m x 4m room containing three tables
and a bed. The network consisted of a Wi-Fi router (trans-
mitter), a laptop, and a Raspberry Pi 4B running NEXMON
firmware to collect the CSI, which is sensitive to human activ-
ities within the monitored space.

When a person is positioned between the transmitter and
receiver, they act as an obstacle, affecting electromagnetic
signal propagation. By analyzing these variations over time,
human presence and body movements can be detected. The
participant sat at the center of the room 1 m away from each
device. The router and laptop were positioned on opposite
sides, and the Raspberry Pi was 1 m away from the participant
and in front of him. When in use, the bed was positioned 1
m from the Raspberry Pi and aligned with the tables.

During the collecting sessions, volunteers were allowed
to wear their usual clothing. A total of 17 distinct activi-
ties were performed, as depicted in Table 3. These activities
include stationary activities (e.g., standing, sitting, lying),
dynamic movements (e.g., walking, running), and other spe-
cific actions. During the collection, the CSI stream was
captured and recorded in real-time.

Table 3 details the experimental protocol, which encom-
passes 17 distinct activities designed to evaluate the DFS-CSI’s
sensitivity to varying degrees of motion and activity. The
activities are organized by ID and grouped into five logical
categories: sitting, standing, lying, transitional, and dynamic.
The protocol includes specific variations in breathing pat-
terns (IDs 2, 5, 7, 9, 11, 13). In these scenarios, volunteers
were instructed to alternate their breathing intensity. Further-
more, the inclusion of transitional activities (IDs 3 and 14)
and dynamic actions such as walking, running, and sweeping
(IDs 15-17) allows for a comprehensive assessment of the
classifier’s performance across a wide spectrum of physical
intensities.

CSI data used in this research [20] were collected from
a Wi-Fi network operating at 5 GHz with an 80 MHz band-
width. To minimize external interference and ensure data
reliability, we performed a spectrum analysis to identify and
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Fig.1 DFS-CSI block diagram

select an unoccupied channel within the ISM band. Addition-
ally, an 80 MHz bandwidth was selected because it provides
greater CSI granularity and a larger volume of data compared
to a standard 40 MHz bandwidth. To generate the necessary
traffic for CSI extraction, the laptop continuously sent ping
requests to the router with a transmission interval of 136 ms.
This specific interval is crucial because it generates an ade-
quate sampling frequency to capture micro-movements and
reconstruct vital signs, such as breathing rates (which typi-
cally fall between 0.2 Hz and 3.5 Hz), effectively preventing
signal aliasing.

While the volunteer performed the activities, the Rasp-
berry Pi passively monitored the network traffic by filtering
the MAC addresses of both the laptop and the router. The
CSI stream was captured in real time and saved directly
into .pcap files. The laptop continuously sent pings to
generate traffic, while a Raspberry Pi 4B with a single
antenna and NEXMON firmware passively captured CSI
at 33-34 samples per second over 60 s, yielding approxi-
mately 2000 samples per minute across 256 subcarriers. The
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dataset comprises 17 distinct activities, plus an empty-room
scenario, with 60 s of data collection for each participant.
This study was approved by the Ethics Committee of Fed-
eral Fluminense University (CAAE 54359221.4.0000.5243).
The demographic profile of this cohort is presented in Fig. 3.
It exhibited a mean age of 26.8 years, a mean height of 171.9
cm, and a mean weight of 73.1 kg.

The network’s transmitter was a TP-Link Archer C7
(AC1750) Wi-Fi router.! This specific model was selected
because it is an affordable, widely available commercial
device. By utilizing standard, low-cost equipment, we high-
light amajor advantage of our DFS-CSI: itis capable of highly
accurate human activity recognition without the need for
expensive, dedicated, or specialized monitoring hardware.

Regarding the physical transmission setup, the Archer C7
is equipped with three external antennas and supports MU-
MIMO technology. However, because the Raspberry Pi 4B
relies on a single internal antenna, the CSI data was effec-

U https://www.tp-link.com/br/home-networking/wifi-router/archer-
c7/
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Fig.2 Layout of the experiment room

tively captured ina 1 x 1 Single-Input Single-Output (SISO)
configuration. This setup generated a CSI matrix with a single
spatial stream containing 256 subcarriers per packet. Despite

being a SISO link, this configuration proved to be highly effi-
cient and provided more than enough data granularity for our
classification model.

To maximize the signal’s interaction with the volunteers,
all devices (router, laptop, and Raspberry Pi) were positioned
at a fixed height of 0.75 m from the floor. This specific
height ensures a clear line of sight (LoS) across the human
body, which is the optimal region for capturing breathing
patterns and dynamic body movements. Furthermore, the
devices were kept strictly stationary throughout the experi-
ment, ensuring that all captured signal variations were caused
exclusively by the users’ physical activities and not by hard-
ware instability.

3.2 CSl data preprocessing

Prior to processing the collected data, we performed an anal-
ysis over all 256 subcarriers to identify the most informative
ones. Figure4 illustrates the variability of collected data
across an 80 MHz channel centered at 5 GHz. The results
indicate a significant increase in the variance of the sig-
nal within the first 60 subcarriers, suggesting they are more
sensitive to human presence, while the remaining frequen-
cies exhibit relatively stable characteristics. Consequently,

Table 3 Detailed description of

the 17 activities performed by b Category

Description of activity

volunteers, categorized by

o Sitting activities
activity and movement

dynamics 1 Static
2 Breathing
4 Static
5 Breathing

Standing activities

6 Static
7 Breathing
8 Static
9 Breathing

Lying activities

10 Static

11 Breathing
12 Static

13 Breathing
Transitional activities

3 Transition
14 Transition

Dynamic activities

15 Motion
16 Motion
17 Motion

Sitting facing the collector
Sitting facing the device, alternating breathing
Sitting facing away from the collector

Sitting facing away from the device, alternating breathing

Standing facing the collector
Standing facing the device, alternating breathing
Standing facing away from the collector

Standing facing away from the device, alternating breathing

Lying on bed (stomach up), sideways to collector
Lying on bed (stomach up), alternating breathing
Lying on bed (stomach down), sideways to collector

Lying on bed (stomach down), alternating breathing

Alternating between sitting (activity 1) and standing (activity 6)
Alternating between standing (activity 6) and lying (activity 10)

Walking activity (walking in place) facing the collector
Running activity (running in place) facing the collector

Sweeping activity in the indicated area
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Fig.3 Demographic
characterization of the
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we restricted our analysis to this high-variance region. From
these initial 60 subcarriers, we removed 12 null and pilot
tones that carry no meaningful data, resulting in a final fea-
ture matrix of 2000 samples x 48 active subcarriers for each
collected data related to each activity.

We calculated the magnitude of each sample of the col-
lected signal within each of the 48 selected subcarriers. This
calculation was performed using the components of the com-
plex numbers obtained from the collected signals. Since a
complex number is defined by its real and imaginary parts,
we determined the magnitude based on these components.
Thus, we obtained the magnitude for all 2000 samples across
the 48 for each data collection. The resulting time series was
used as input to the Transformer model [18]. After extract-
ing the magnitude, we applied a Z-score normalization step
(standardization) to the data, ensuring a mean of zero and a
standard deviation of one. This normalization is a crucial step
to stabilize the training process and improve the convergence
rate of the Transformer model [18].

Finally, to mitigate bias and ensure dataset variability
regarding the volunteer, the DFS-csT applies arandomization
step that shuffles the processed sample lists. Subsequently, a
balancing mechanism adjusts the dataset size by truncating
the larger class to match the number of samples in the smaller
class, ensuring an equal distribution of data. Then, the data
is labeled to identify each class for supervised learning.

Fig.4 Variance per subcarrier

The data structure at each stage of processing is as fol-
lows. The input has the shape batch size, sequence length,
and number of channels, representing time-series data with
multiple samples, a temporal sequence, and channels (sub-
carrier). During positional encoding, the shape remains batch
size, sequence length, and number of channels, but position
information is added to the data. The Transformer encoder
layer keeps the same shape: batch size, sequence length, and
number of channels, but the data undergoes self-attention and
feed-forward processing to capture patterns in the sequence.
After temporal aggregation, the data is reduced over time,
resulting in the shape batch size and number of channels,
which combines the information from the entire sequence.
Finally, in the fully connected layer, the data is processed to
produce the output with the shape batch size and output size,
providing the final prediction for each sample in the batch.

To guarantee that the model generalizes well to new,
unseen users (a person-independent approach), the dataset
was split based on the volunteers rather than shuffling the
entire data pool. We divided the participants into three dis-
tinct sets: 70% for training, 20% for validation, and 10% for
testing. This strict separation ensures that the data of a volun-
teer present in the test set is never seen by the model during
the training phase. Finally, the processed time series were
converted into standard PyTorch tensors to serve as input
for the neural network. The processed PyTorch tensors are
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publicly available on GitHub (https://github.com/mestrelan/
MDA-CSI) to support the reproducibility of this research.

3.3 Transformer model

This section presents the architecture of the Transformer
model used for HAR. Unlike traditional recurrent networks,
the Transformer uses an attention mechanism to efficiently
capture long-range dependencies within the CSI time-series
data. In the following, we detail the specific internal compo-
nents of the encoder layers, as well as the training strategies
designed to maximize classification performance across dif-
ferent activity scenarios.

3.3.1 Design and model strategies

To comprehensively evaluate the capabilities of the Trans-
former architecture in recognizing human activities via CSI,
we have used a set of 17 different models. These models cover
a wide range of scenarios, including static activities (sit-
ting, standing, lying), dynamic activities (walking, running,
sweeping), and transitional activities (sit-to-stand, lying-to-
standing).

Based on this dataset, the training strategy was divided
into two strategies: one-vs-all detection models and specific
binary comparison models, as Fig. 5 shows.

Strategy A—One-vs-all detection models The objective
here is to isolate a specific activity from the entire remaining
dataset. The target activity is labeled as Class 1, while all
other 16 activities are aggregated as Class 0. This strategy
tests the model’s ability to extract unique features of a spe-
cific action amidst a diverse background of other movements.
The models included in this category are:

— Sweep detection: Targets activity 17 versus all others.

Fig.5 Strategy A and Strategy
B summarized

Experimental Design

]
|
|
i Transformer Model Strategies .’\
- Lying vs.. Sweeping

— Presence detection: Targets the general presence of a
human (all activities) versus an empty room.

— Standing-to-lying detection: Activity 14 versus all other
activities.

— Sit-to-stand detection: Activity 3 versus all other activ-
ities.

— Run detection: Activity 16 versus all other activities.

— Walk detection: Targets activity 15 versus all other activ-
ities.

— Sitdetection: All sitting activities 1,2,4,and5asClass
1 versus all other non-sitting activities.

— Lying detection: Aggregates all lying activities 10 to 13
as Class 1 versus all other non-lying activities.

— Stand detection: All standing activities, 6to 9 as Class
1 versus all other non standing activities.

Strategy B: Specific binary comparison models In these
experiments, the dataset is filtered to include only the rel-
evant classes, ignoring the rest. This approach evaluates the
fine-grained resolution of the Transformer architecture when
separating physically similar or logically opposite activities.
The models in this category include:

— Lying/sweeping: Activities 10 to 13 versus activity 17.

— Dynamic activities/static activities: All dynamic activ-
ities (3, 14, 15, 16, 17) versus sitting (1, 2, 4, 5), standing
(6,7,8,9), lying (10, 11, 12, 13).

— Lying/not lying: Lying (10, 11, 12, 13) versus all other
upright activities (sitting/standing).

— Walk/run: Activity 15 versus activity 16.

— Running/sweeping: Activity 16 versus activity 17.

— Standing still vs. all other stationary activities: Stand-
ing (activities 6-9) versus other static activities (sit-
ting/lying), often referred to as “still” activities.

To further expand the depth and value of this study, two
additional models were developed by modifying the baseline
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sweep. detec. and movement detec. models. The first new
model, Sweep. detec. Imbalanced, was designed to evaluate
the DFs-csI’s performance on natural, unequal data distri-
butions by intentionally bypassing the data balancing step.
Normally, the DFS-CST mitigates bias by shuffling the pro-
cessed samples and truncating the larger class to match the
smaller one, ensuring an equal distribution before labeling.
By skipping this truncation, the imbalanced model provides
critical insights into how the Transformer architecture han-
dles realistic, skewed datasets.

Following rigorous testing, a window size of 16 was
selected for the second model, Mov. detec., because it
achieved the highest overall accuracy. Together, these strate-
gic adaptations significantly strengthen the research by
demonstrating the model’s adaptability to both unadjusted
real-world data and highly optimized time windows.

The Transformer model is divided into encoder layers, as
depicted in Fig. 6. The encoder consists of several identical
stacked layers, where each layer follows a series of steps.
First, the multi-head self-attention mechanism [17] enables
the model to learn relationships between different moments
in the sequence. Each attention head processes a distinct part
of the information.

Then, the model calculates three tensors: Q (query),
which represents the elements querying other moments in
the sequence; K (key), which represents elements that can
provide relevant information; and V (value), which contains
the actual values of the features to be processed [37]. The
similarity between Q and K is computed to identify which
moments in time are most relevant to each other. The output is
a weighted combination of V, with more important moments
receiving higher weights.

The output of the self-attention block is passed through
a normalization layer (LayerNorm) to stabilize training. A
residual connection is then applied, adding the original input
to the self-attention output, helping to maintain more sta-
ble gradients. The resulting output is then processed through
a feed-forward network (FFN) [17, 18] to learn non-linear
patterns. This network consists of a dense layer (Linear),
followed by an activation function using ReL. U, and another
dense layer to adjust the dimension of the output [37]. A
second normalization layer stabilizes the output of the feed-
forward network, and another residual connection adds the
block’s input to the final output.

After that, each instant of the sequence is refined, incorpo-
rating global information from the entire time series. Now the
values represent rich, refined representations of the sequence.

Summarizing the steps of the process: the input of the
data with positional encoding, followed by multi-head self-
attention to find temporal dependencies, then Normalization
and residual connections for stabilization, followed by the
feed-forward network to capture more complex patterns,
additional normalization and residual connections, and rep-
etition of the process. This structure allows the Transformer
model to learn global and local patterns in time series without
the limitation of recurrence (as in RNNs), while highlighting
temporal relationships [17, 18].

To ensure the highest performance for each model, we
conducted a rigorous hyperparameter tuning process and
selected, for testing, the configuration that achieved high
accuracy—loss balance during validation. The test stage eval-
uated the model on unseen data using metrics such as
loss, accuracy, precision, recall, F1-score, and the confusion
matrix. DFS-CSI optimizes a Transformer model for binary
classification of CSI time series by exploring hyperparame-
ter combinations through a random search strategy, assessing
each configuration on the validation set and selecting the final
model based on its test performance. The study analyzes how
the number of heads, number of layers, learning rate, number
of epochs, and batch size influence performance. The fol-
lowing ranges were explored: heads: [3—16]; layers: [2—12];
learning rate: [0.00001, 0.0001, 0.001, 0.01]; epochs: [20,
40, 60, 100]; and batch size: [4, 8, 12, 16, 20, 24]. Table 4
summarizes the best configuration identified for each model.

The heads and layers columns in Table 4 specify the num-
ber of attention heads and Transformer layers for each task. In
general, more complex tasks, such as sit and lying detection,
use more heads and intermediate layers, indicating the need
for greater attention capacity to capture nuances in activi-
ties. On the other hand, simpler tasks, such as presence and
motion detection, use a lighter configuration. The learning
rate is adjusted for each model.

The wide variation in the number of layers (ranging
from 2 to 9) across the binary experts is a direct reflec-
tion of the varying physical complexities inherent to each
specific classification task. Highly dynamic actions, such
as sweeping or running, produce distinct and easily sepa-
rable CSI energy signatures, allowing shallow networks (2
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Table 4 Best parameters

combinations for each model Activity Heads Layers L. rate Epochs Batch size

Sweep. detec. imbalanced 3 8 0.00100 40 4
Mov. detec. window 16 6 9 0.00001 120 12
Sweep. detec 3 2 0.00100 40 24
Movement detec 6 2 0.00100 100 8
Presence detec 6 6 0.00010 20 12
Standing-to-lying detec 6 2 0.00100 20 8
Sit-to-stand detec 12 9 0.00001 40 24
Lying/sweep 3 6 0.00010 40 16
Run. detec 4 2 0.00100 60 8
Walk. detec 6 3 0.00100 100 20
Lying/not lying 4 2 0.00001 20 16
Walk./run 4 2 0.00100 40 16
Sit. detec 4 2 0.00100 100

Run./sweep 4 2 0.00010 40 4
Lying detec 6 9 0.00010 60 12
Stand./still 3 9 0.00001 20 4
Stand. detec 3 9 0.00001 100 4

layers) to achieve high accuracy. Conversely, distinguish-
ing subtle static postures or transitional movements requires
much deeper feature extraction (up to 9 layers) to capture
complex, non-linear relationships. It is essential to empha-
size that this variation does not reflect test-split overfitting.
The hyperparameter random search and selection were con-
ducted strictly using the training and validation sets. The test
set—comprising data from 9 isolated volunteers—remained
completely unseen during the tuning phase and was evaluated
only once at the final stage. This guarantees that the models
genuinely generalized their learning rather than memorizing
the test data.

Instead of applying a monolithic architecture, we tailored
the Transformer structure, specifically the number of atten-
tion heads and encoder layers, to match the complexity of
the target activity. This adaptive approach yielded significant
insights:

— Architectural depth: Activities with distinct high-energy
signatures, such as lying, sweeping, or running, con-
verged effectively with shallower networks, 2 layers. In
contrast, more subtle or transitional activities, like activ-
ity 3, sit-to-stand, and stand detection, required deeper
architectures (up to 9 layers) and a higher number of
attention heads (up to 12) to capture the intricate tempo-
ral dependencies in the CSI signal.

Learning dynamics: The learning rate and batch size were
also optimized to balance convergence speed with stabil-
ity. Complex tasks often required lower learning rates

(e.g., 1072) to avoid overshooting the optimal solution
during training.

This customization confirms that, although the Trans-
former framework is broadly applicable to CSI data, its
specific configuration plays a crucial role in maximizing both
accuracy and resource efficiency.

A crucial design choice in our methodology was the appli-
cation of 1D attention over the temporal sequence, treating
the selected subcarriers as independent feature channels,
rather than employing a 2D attention mechanism [38]. 2D
attention is often utilized to rigorously capture the underly-
ing physics of wave propagation by exploiting both spatial
and frequency correlations simultaneously [38, 39]. How-
ever, this is primarily applicable in multi-antenna (MIMO)
setups where a true physical spatial matrix exists.

Our collection architecture intentionally relies on a strict
Ix1 Single-Input Single-Output (SISO) configuration using
the single internal antenna of the Raspberry Pi 4B. Because
the physical spatial dimension is strictly limited to a sin-
gle stream, applying a 2D attention mechanism would result
in an artificial spatial-temporal flattening. This would intro-
duce unnecessary computational complexity and inflate the
parameter count without effectively modeling true multi-path
spatial propagation. By processing the subcarriers as inde-
pendent channels in a 1D sequence, the model architecture is
perfectly aligned with the hardware’s physical limitations.
This preserves a highly compact architecture, avoids the
heavy processing overhead of multi-dimensional attention
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maps, and aligns with the strict low-latency requirements of
our Green Al edge computing framework.

3.3.2 Temporal windowing strategy for enhanced
movement detection

In the initial implementation of DFs-csI, the models were
trained using a fixed input sequence of 2000 samples, repre-
senting approximately 60 s of continuous CSI data collection.
Despite this approach effectively captures long-term depen-
dencies, it introduces a significant latency constraint for
real-time applications, as the DFS-CSI must wait for a full
minute of data buffering before performing an inference.

To address this limitation and improve the model’s respon-
siveness, we developed an enhanced movement detection
model based on a temporal windowing strategy. In this
approach, the continuous CSI stream is segmented into
smaller, distinct time windows. This allows the Transformer
model to process shorter sequences, thereby reducing the
time required for detection and enabling near real-time
analysis.

We investigated the impact of sequence length on classifi-
cation performance by evaluating five distinct window sizes
(W). The selected window sizes and their corresponding tem-
poral durations (based on the sampling rate) are defined as
follows:

0.5 s: W = 16 samples;
1's: W = 33 samples;

— 5s: W = 166 samples;

— 15 s: W = 500 samples;
30 s: W = 1000 samples.

This segmentation allows us to analyze the trade-off
between temporal resolution and classification accuracy.

Fig.7 Sequential processing
framework for non-overlapping

Smaller windows (e.g., 0.5s or 1s) offer lower latency and
faster detection of sudden movements, whereas larger win-
dows (e.g., 15s or 30s) provide more contextual information,
potentially improving the model’s ability to distinguish com-
plex but subtle motion patterns. The modified model architec-
ture adjusts the input dimension of the Transformer Encoder
to match the selected window size W, while maintaining the
hyperparameters consistent with the new movement detec-
tion model.

Figure 7 illustrates the systematic segmentation approach
applied to the CSI data stream. The segmentation process
strictly employs non-overlapping windows to maintain data
integrity and prevent information leakage between samples.
This rigorous strategy allows for a detailed analysis of how
temporal resolution impacts feature extraction and classifi-
cation accuracy. By sweeping through sizes ranging from
instantaneous snapshots to extended observation periods, the
study validates the DFs-CcsI’s robustness across different
dynamic scenarios.

Applying a multi-layer Transformer (up to 9 layers) to a
brief sequence of 16 packets may initially seem structurally
dense, but it is theoretically justified by the complexity of
the Wi-Fi signal. Even within a 0.5-s window, the inter-
actions among the 48 active subcarriers contain intricate
frequency variations caused by micro-movements. Deep
attention layers allow the model to cross-correlate these sub-
tle subcarrier variations instantaneously. During the design
phase, alternative temporal architectures, such as Gated
Recurrent Units (GRUs) [40] and Temporal Convolutional
Networks (TCNs) [41, 42], can be considered. However,
GRUs process data sequentially, which creates a bottleneck
for parallel execution on edge hardware [40, 43]. The mathe-
matical foundation of a GRU (h; = f(h;—1, x;)) [44] strictly
forces sequential execution. On edge devices like the Rasp-
berry Pi, this sequential bottleneck prevents modern parallel
matrix multiplication, increasing latency.

Sequential Processing with Varying Window Sizes
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While TCNs offer parallelization, they require deeply
stacked hierarchies to expand their temporal receptive field
[41, 42]. Their mathematical operation relies on static
convolutional kernels [44]. In contrast, the Transformer’s
self-attention dynamically computes correlation weights
(attention scores) based on the specific input data of that
exact instant [2, 17]. This dynamic weighting is superior for
capturing the sudden, irregular subcarrier variations caused
by micro-movements. The self-attention mechanism of the
Transformer provides an immediate global receptive field
across the entire 16-packet window [38, 45]. This ensures
maximum feature extraction parallelization and ultra-low
latency, making it the superior choice for fast response
systems. The self-attention mechanism of the Transformer
mathematically computes dynamic correlation weights [2],
generating an immediate global receptive field across the
entire 16-packet window.

Instead of sliding a fixed kernel, the model dynamically
correlates every packet with every other packet in the micro-
sequence simultaneously. This dynamic feature extraction,
combined with full matrix parallelization, ensures that the
DFs-CSI achieves ultra-low latency processing without the
sequential delays of GRUs or the static limitations of TCNss,
making it the optimal structural choice for real-time edge
computing.

3.3.3 Train, validation, and testing

Our main goal is to recognize human physical activities, for
which we developed 17 independent models that take as input
the previously described collected and processed CSI data.
The dataset was partitioned into three sets: training (70%)
with 60 volunteers, validation (20%) with 17 volunteers, and
test (10%) with 9 volunteers, using a subject-independent
strategy. This means that data from each individual is exclu-
sively assigned to one of the subsets, preventing the same
data from being used in both training and testing phases.
This rigorous approach ensures that the model learns to gen-
eralize human activities across different users rather than
memorizing individual-specific patterns, providing a more
realistic evaluation of performance on unseen data. The mod-
els were developed to detect and classify a variety of human
activities within a room, including presence detection, move-
ment detection, gait classification (walking vs. running), and
activity classification (sitting vs. lying down). Each of the
generated models uses specific activities from the dataset.
These models perform binary classification, yielding only
two possible outputs.

The following step involves defining the loss function and
optimizer strategies. We employed the binary cross-entropy
with logits loss function for the classification tasks, which
ensures numerical stability by combining a Sigmoid layer
with the cross-entropy loss. For optimization, the adaptive

moment estimation (Adam) algorithm was selected due to its
efficiency. Additionally, a plateau-based learning rate sched-
uler was implemented to dynamically reduce the learning
rate whenever the validation performance stops improving.

For the generation and training of the presence detection
model, data segmentation of the CSI was necessary. This
involved selecting data from empty rooms and rooms with
human presence. Additional collection was used for empty
rooms, while data from all 17 activities were used for rooms
with human presence. The data were labeled as: no pres-
ence for empty rooms and presence for rooms with human
presence.

The experiments were implemented using the Anaconda
distribution with Python v3.8.18. Key libraries included
numpy 1.24.4, pandas 2.0.3, and pytorch 2.2.0. Device speci-
fications: Processor 13th Gen Intel(R) Core(TM) i7-13700K
(3.40 GHz), installed RAM 32.0 GB (31.7 GB usable),
Windows 11, NVIDIA GeForce RTX 3080, Driver Version:
581.57, CUDA Version: 13.0.

The pFs-cs1 does not rely exclusively on GPUs; it was
developed to allow smooth execution on conventional CPUs.
This ensures that the technology is accessible to a wider range
of users, eliminating the need for immediate investments in
high-cost hardware. Independence from specific hardware
allows the DFS-CST to operate in diverse environments, from
high-end servers to local devices. This allows for continuous
monitoring even on systems without graphics acceleration.

4 Results

This section presents and discusses the experimental out-
comes obtained by evaluating the proposed Transformer
models across various activity recognition scenarios.

4.1 Performance analysis

This section presents the performance evaluation of the
developed Transformer-based models for HAR using CSI
data. Table 5 summarizes the results across five key metrics:
accuracy, precision, recall, test loss, and F1-score.

The results indicate that the Transformer architecture is
highly effective for distinguishing between distinct dynamic
activities, though it faces challenges with static behaviors
that share similar CSI signatures. This suggests that the CSI
waveforms for specific activities are distinct enough, allow-
ing the model to classify perfectly.

The sweeping detection also yielded robust results. Simi-
larly, movement detection and presence detection maintained
high accuracy levels, validating the use of CSI data for occu-
pancy and general activity monitoring.

Figure 8 illustrates the training dynamics for the binary
classification between lying and sweeping. This scenario
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Table 5 Performance metrics of

cach model for a test set of 9 Activity Accuracy Precision Recall Loss F1-score

participants Sweep. detec. (imbalanced) 94.64% 94.64% 100.00% 0.6892 0.9725
Mov. detec. window 16 92.32% 95.04% 89.30% 0.2244 0.9208
Sweep. detec 88.89% 81.82% 100.00% 0.4044 0.9000
Movement detec 81.48% 86.96% 74.07% 0.5190 0.8000
Presence detec 87.50% 87.50% 87.50% 0.5756 0.8750
Standing-to-lying D 83.33% 87.50% 77.78% 0.5325 0.8235
Sit-to-stand D 83.33% 75.00% 100.00% 0.6655 0.8571
Lying/sweep 83.33% 80.00% 88.89% 0.9818 0.8421
Run. detec 83.33% 80.00% 88.89% 0.5798 0.8421
Walk. detec 77.78% 85.71% 66.67% 0.6922 0.7500
Lying/not lying 73.61% 70.73% 80.56% 0.6758 0.7532
Walk./run 72.22% 83.33% 55.56% 0.6848 0.6667
Sit. detec 72.22% 70.00% 77.78% 0.6051 0.7368
Run./sweep 72.22% 83.33% 55.56% 0.6554 0.6667
Lying detec 68.06% 84.21% 44.44% 0.6151 0.5818
Stand./still 65.28% 67.74% 58.33% 0.6798 0.6269
Stand. detec 63.89% 62.50% 69.44% 0.6946 0.6579

represents one of the most successful applications of the
proposed model, primarily due to the significant physical
disparity between the two activities.

Figure9 presents the results for the movement detection
model, which is designed to distinguish between general
human activity and static presence.

The training loss curve (third graph) indicates a smooth
and steady convergence, demonstrating that the Transformer
architecture effectively learns the underlying patterns of
human motion from the CSI data. While the validation met-
rics exhibit a few fluctuations, characteristic of the high
variability due to the 86 different participants, the model sta-
bilizes at a high accuracy level.

The confusion matrix indicates that the model maintains
a satisfactory level of performance, making it highly suitable
for many practical applications. This detector achieves high
accuracy for both Class 0 and Class 1. This model proves
to be a reliable baseline for presence detection, capable of
robustly filtering out static scenarios before more complex
activity classification is performed.

Fig.8 Classification

Accuracy per Epoch

4.1.1 Performance analysis of movement detection with
windows

To validate the feasibility of real-time monitoring, we ana-
lyzed the impact of different window sizes on classification
accuracy. Figure 10 illustrates the test accuracy obtained
across different temporal window lengths, ranging from 0.5
s (16 samples) to 30 s (1000 samples).

The results reveal a non-linear relationship between obser-
vation time and model performance. Contrary to the intuition
that more data (larger windows) yields better predictions, the
model achieved its peak performance with the smallest win-
dow size of 0.5 s (W = 16). Specifically, this configuration
yielded an accuracy of 92.32%, a precision of 95.04%, and
an Fl-score of 0.9208.

As shown in Fig. 10, performance drops significantly at
W = 33 (Is) and W = 1000 (30s), while showing a sec-
ondary peak at W = 166 (5s).

Consequently, the 0.5-s window proves to be the optimal
configuration, offering the highest accuracy combined with
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the lowest possible latency, making it ideal for immediate
event detection.

Figure 11 details the learning process and final classifica-
tion performance of the window-based movement detection
model. The training dynamics reveal a highly efficient
optimization profile. As observed in the training loss and
validation accuracy plots, the model achieves rapid conver-
gence, reaching a high accuracy plateau within the first 20
epochs. This behavior confirms that the reduced temporal
window (0.5s) contains sufficient spectral information for
the Transformer to quickly distinguish between static and
dynamic states.

Although the validation loss exhibits some volatility in the
initial epochs, a characteristic expected when generalizing
across a diverse dataset of 86, it stabilizes significantly as
training progresses, indicating that the model successfully
avoids overfitting.

The confusion matrix further corroborates the DFS-CSI’s
reliability. The model demonstrates a balanced predictive
capability, achieving high true positive and true negative
rates (correctly classifying 3218 static instances and 3014
movement instances). The low rate of misclassifications, par-
ticularly the balanced distribution of false positives and false
negatives, underscores the model’s robustness and its readi-
ness for deployment in real-world scenarios where consistent
detection is critical.

4.1.2 Computational resources analysis

In addition to classification performance, evaluating the com-
putational cost is essential for determining the feasibility

>
S
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(@)
<
— 0.85
()]
|0_)
0 500 1000
Window

Fig. 10 Test accuracy variation according to the temporal window size
(W) for the movement detection model

of deploying HAR systems in real-world scenarios. Table 6
summarizes the resource consumption for the developed
models, specifically focusing on memory usage, execution
time, and power draw during both training and testing phases.

While classification accuracy is the primary metric for
evaluating Deep Learning models, it does not fully determine
the practical viability of a system. In the context of HAR
using CSI, the models are often intended for deployment on
edge devices or embedded systems (such as Wi-Fi routers
or [oT gateways), which have strictly limited computational
resources.

Therefore, this study goes beyond standard performance
metrics to include a comprehensive analysis of computational
cost. We evaluate memory usage, training/inference time, and
power consumption to ensure that the proposed Transformer
architecture is not only accurate but also efficient. This holis-
tic approach is crucial for two main reasons:

1. Real-time feasibility: Applications such as fall detec-
tion or security monitoring require near-instantaneous
response times. Analyzing the inference time allows us
to verify whether the model can process signals with low
latency.

2. Energy efficiency: Continuous monitoring systems oper-
ate 24/7. Understanding the power draw is essential for
developing sustainable “Green AI” solutions that mini-
mize energy costs and thermal stress on hardware.

The following data present the resource consumption
profile of the developed models, demonstrating that high
accuracy can be achieved without imposing prohibitive com-
putational overhead.

The results indicate a computationally diverse profile
across different activity classification tasks. The total train-
ing time varied significantly across models. This substan-
tial variation reflects the differences in dataset complexity,
temporal window size, and the specific feature extraction
challenges posed by each activity type. Models dealing with
larger temporal windows or more subtle distinctions between
activities naturally required longer training periods to achieve
optimal convergence.
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Fig. 11 Training dynamics and Validation Accuracy
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Regarding inference latency (test time), the models demon-
strated exceptional speed across all tasks. For instance, the
sweeping detection model required only 0.16 s to process
the test set, while the standing detection model completed
inference in just 1.12 s. Even the more complex models, such
as movement detection, completed the inference phase in
under 3 s (2.74s). These low-latency values are critical, as
they confirm that the DFs-cST is capable of near real-time
activity recognition, a mandatory requirement for applica-
tions such as fall detection or security monitoring.

In terms of hardware load, the memory usage varied
between 4.5 GB and 9.9 GB, which is within the standard
capacity of modern embedded Al accelerators and consumer-
grade GPUs. The power draw remained relatively stable
during inference (typically between 55W and 224 W), and the
GPU temperature remained well-controlled (ranging from
52°C to 68°C), indicating that the models do not cause exces-
sive thermal stress on the hardware during operation.

A notable observation is the relationship between power
draw and execution time. Models such as running/sweeping
and running detection operated at a much lower power range
during training, demonstrating that the architecture can adapt
to different energy constraints depending on the complexity
of the feature space being learned. Dynamic activities with
distinct signatures allow for more efficient feature extraction,
resulting in lower computational overhead.

Finally, the thermal analysis confirms the safety and
stability of the proposed solution. Across all experiments,
including those with high power peaks, the GPU temperature
never exceeded 70°C, staying well within safe operating lim-
its (typically rated up to 80-90°C for modern GPUs) [46].
This thermal stability, combined with memory usage peaking
at around 9.9 GB, validates that the developed Transformer
models are suitable for deployment on standard commercial
hardware without requiring specialized industrial cooling
solutions or excessive energy infrastructure.

4.1.3 Streaming latency and model complexity

To fully substantiate the claims regarding real-time process-
ing and Green Al capabilities, it is essential to distinguish
between batch inference time and continuous streaming
latency. While Table 6 reports the total time to process
the entire test set (batch processing), real-world deployment
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operates on a continuous data stream where latency must be
measured per individual window.

Based on our experiments, the DFS-CSI demonstrates
exceptional streaming performance. For instance, the move-
ment detec. window 16 model processed a total of 6232 test
samples in 5.93 s. This translates to an individual streaming
latency of approximately 0.95ms per inference. Because
the DFs-csT takes only ~ 1 ms to process a data window
that represents 500 ms of physical time (W = 16), the pro-
cessing speed is orders of magnitude faster than the data
generation rate. This absolute lack of computational limita-
tion mathematically guarantees smooth, real-time streaming
capabilities without queue delays.

Furthermore, analyzing the model size and computational
cost is critical for Edge Al deployment. Unlike massive deep
learning architectures that require cloud offloading, our cus-
tom Transformer models were designed to be lightweight.
The optimal movement detection model possesses a highly
compact architecture, resulting in a minimal number of
learnable parameters (approximately 0.62 million) and an
exceptionally small storage use of exactly 2.50 MB.

This minimal model size directly supports the Green
Al paradigm, which prioritizes the reduction of compu-
tational cost, energy consumption, and carbon footprint
alongside accuracy [47]. By drastically reducing the required
floating-point operations per second (FLOPs) and minimiz-
ing memory bandwidth usage during inference, the DFs-CSI
draws less power per classification [48]. Consequently, it
can be seamlessly embedded into standard IoT gateways,
routers, or low-power edge devices, providing highly accu-
rate, privacy-preserving monitoring with a negligible energy
footprint.

To fully contextualize the architectural efficiency of the
proposed DFS-CSI, it is important to contrast its com-
plexity with other Transformer-based frameworks recently
applied to Wi-Fi CSI human activity recognition. A com-
mon trend in the literature involves transforming 1D CSI
time-series data into 2D pseudo-images (spectrograms) to
leverage standard Vision Transformers (ViT) [45, 49]. How-
ever, architectures such as the standard ViT-Base require
approximately 86 million parameters, demanding immense
memory bandwidth and processing power [49-51]. In con-
trast, our custom 1D Transformer approach processes the CSI
sequences directly, requiring only 0.62 million parameters.
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This means the DFS-CSI operates with less than 1 % of the
parameter count of traditional ViT adaptations, proving that
high-accuracy CSI classification can be achieved without the
extreme computational overhead typically associated with
massive attention-based models.

4.1.4 Operational efficiency and trade-off analysis

Figure 12 provides a multi-dimensional perspective on the
operational costs of the developed models. By correlating
inference latency (x-axis) with power consumption (y-axis),
we can identify the optimal deployment scenarios for each
activity classifier.

The visualization highlights three distinct operational
zones:

1. High-speed zone (bottom-left): The sweep detection
model stands out as the fastest solution, located in the
extreme bottom-left corner. With sub-second latency and
low-power draw, this model is ideal for battery-powered
edge devices where rapid response is critical.

2. Balanced efficiency zone (center-left): Models such as
stand detection occupy the middle ground, offering a
robust balance between energy consumption and process-
ing speed. This efficient zone represents the sweet spot
for continuous monitoring systems connected to standard
power supplies.

3. High-performance zone (top-right): The lying detec-
tion model appears in the upper-right quadrant, charac-
terized as High Load. While this model demands higher
power and memory (indicated by the larger red bub-
ble), it is important to note that this resource intensity

Fig.12 Efficiency trade-off
map (inference time vs. power
draw). The bubble size
represents memory usage, while
the color gradient indicates peak 200
temperature (blue=cooler,

red=warmer). Annotations

225

correlates with the complexity of distinguishing subtle
static activities. Crucially, even at this peak load, the ther-
mal signature remains within safe operating limits.

Overall, this analysis confirms that the proposed Trans-
former architecture is not a simple solution but a versatile
framework. It can be tuned to prioritize either speed or energy
efficiency, depending on the specific application require-
ments of the IoT environment.

4.1.5 Thermal stability and hardware safety

Figure 13 presents a critical evaluation of the DFS-CSI’s
physical impact on the processing hardware. For continu-
ous monitoring applications, such as elderly care or security
surveillance, thermal stability is as important as algorithmic
accuracy, as overheating can lead to hardware throttling or
permanent damage.

The results demonstrate that the proposed Transformer
models are thermally efficient. The peak temperature recorded
across all experiments was approximately 68°C. This value
is significantly lower than the standard safety limit of 80°C
usually recommended for commercial GPU operations [46].
Most activities, such as activity 14 and stand detection, main-
tained the hardware temperature in the mild range. This
substantial safety margin implies that the DFs-CcSI can be
deployed for extended periods.

4.1.6 Energy efficiency and green Al analysis

Figure 14 details the power draw (in Watts) for each activ-
ity model during the inference phase. This analysis is
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Fig. 13 Thermal stability
analysis across all developed
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particularly relevant in the context of Green Al, where the
objective is to minimize the carbon footprint of artificial intel-
ligence systems without compromising performance.

The data reveal a heterogeneous energy profile. Ideally,
simpler detection tasks such as stand detection and lying/
sweep demonstrate exceptional efficiency. These low-power

Fig. 14 Power consumption
profile during the inference
phase. The variability highlights
the importance of optimizing
models for Green Al, with
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values suggest that these specific models are highly suitable
for deployment on energy-constrained edge devices. For the
majority of the developed models, the power consumption
remains below or near 100W, confirming the overall energy
viability of the proposed DFs-csT for continuous monitoring
applications.
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Beyond the inference phase, assessing the total energy
overhead requires considering the power consumed during
the continuous CSI extraction on the Raspberry Pi 4B [52].
Operating at an 80 MHz bandwidth, the continuous packet
capture and NEXMON processing draw approximately 4.5
W to 5.0 W [52, 53]. While reducing the channel bandwidth
to a standard 40 MHz alternative would slightly lower this
extraction power, the 80 MHz configuration was deliberately
selected to support our Green Al claims holistically [54].
The 80 MHz channel yields 256 subcarriers, providing the
high-resolution frequency granularity essential for capturing
micro-movements and vital signs [52]. If a 40 MHz chan-
nel were used, the resulting data would be sparser, which
would force the neural network to be significantly larger and
more computationally expensive to achieve the same accu-
racy [53, 54]. Therefore, the minor energy increase during
data extraction is largely offset by enabling the use of highly
efficient, lightweight inference models (requiring as little as
0.62 million parameters), maintaining the DFs-cs1’s overall
sustainability.

We conducted real-time system resource monitoring on
the Raspberry Pi during the 80 MHz data collection pro-
cess using the vtop system monitor [55] to highlight the
importance of quantifying the energy overhead during the
continuous CSI extraction phase. As illustrated in Fig. 15
from captured profiling sessions, the computational foot-
print of the continuous CSI extraction is exceptionally low.
Throughout the data collection, the overall system CPU usage
remains stable and minimal, generally fluctuating below 15
to 18%, while total memory consumption remains constant
at approximately 5% throughout the entire 80 MHz capture
session, confirming that the extraction process introduces
minimal energy overhead. Most importantly, the core pro-
cesses responsible for the extraction (such as packet capture
via tcpdump and kernel worker threads) demand insignificant
processing power.

Because dynamic power consumption in ARM-based
edge devices like the Raspberry Pi is strongly correlated
with CPU utilization, this minimal computational overhead
demonstrates that continuous CSI extraction adds an insignif-
icant energy cost beyond the device’s baseline idle power.
This low resource profile also justifies our choice of the
80 MHz configuration over a 40 MHz alternative. While
a 40 MHz bandwidth might theoretically reduce network
interface activity slightly, the 80 MHz setting provides a
significantly richer subcarrier resolution. This higher data
quality improves the downstream Al model’s accuracy and
convergence without introducing a computational or energy
bottleneck. Therefore, capturing at 80 MHz aligns perfectly
with our Green Al claims, as it maximizes data richness for
the model while maintaining edge resource usage at near-idle
levels.

@ Springer

For full transparency and reproducibility, a complete
video recording of the real-time resource profiling ses-
sion during the CSI data collection is publicly available in
our GitHub repository (https://github.com/mestrelan/MDA -
CSI/tree/main/DFS-CSI/Vtop).

4.1.7 Real-time processing feasibility

Figure 16 evaluates the inference latency, a critical metric
for time-sensitive applications such as fall detection or intru-
sion alerts. In these scenarios, the DFS-CST must process CSI
packets and generate a classification with negligible delay to
ensure a prompt response.

The results highlight the exceptional performance of the
sweep detection model, which stands out as the fastest classi-
fier. It successfully operates, completing the inference phase
in approximately 0.16s. This near-instantaneous process-
ing capability confirms that the Transformer architecture
can be optimized for high-speed, real-time edge computing.
Other models, such as stand detection (1.12s) and run/sweep
(2.50s), also exhibit strong performance, indicated by the
green bars in the chart. It is important to note that this duration
corresponds to the processing of the entire test batch. Con-
sequently, the per-sample latency remains sufficiently low to
support continuous human activity monitoring without per-
ceptible lag.

4.1.8 Efficiency of the movement detec. with windows

Beyond classification metrics, the movement detec. with
windows model (W = 16) demonstrated a complex com-
putational profile that warrants careful analysis for Edge Al
deployment considerations. Table 7 details the resource con-
sumption during the training and testing phases.

The model required approximately 12, 178 s (roughly 3.4
h) to complete the training process over 120 epochs. This
extended training duration, significantly longer than most
other models in this study, can be attributed to the large
dataset size when processing CSI data with the optimized
0.5-s window. The fine temporal granularity, while beneficial
for accuracy, increases the total number of training samples,
demanding more iterations for the Transformer to fully con-
verge across all 86 participants.

The test phase was completed in only 5.93 s, demonstrat-
ing exceptional real-time processing capability. This stark
contrast between training and inference times is a hallmark of
well-optimized deep learning systems: while the initial learn-
ing phase may be computationally intensive, the deployed
model operates with minimal latency.

Regarding energy consumption, the inference phase recor-
ded an average power draw of 71.76 W, which is signifi-
cantly lower than the consumption observed in complex static
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Fig. 16 Inference latency
analysis in the test set. The
sweep detection model
demonstrates exceptional speed,
processing the test stream
almost instantaneously
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activity models. This means that the model firmly meets the
Green Al paradigm [56]. The training power draw of 91.57
W remains moderate and reflects the computational effort
required to process the extensive windowed dataset.

The GPU memory usage of 9886 MiB (approximately
9.65 GB) is well within the capacity of modern commercial
GPUs and even high-end embedded Al accelerators, confirm-
ing hardware compatibility for real-world deployment [46].
The combination of ultra-fast inference (< 6 s for the entire
test set), high accuracy (> 92%), low energy footprint
during operation (< 75 W), and reasonable memory require-
ments validates that the movement detec. with windows
model is highly scalable for continuous, real-world moni-
toring systems. While the training phase demands patience
and computational resources, this is a one-time cost. Once
deployed, the model delivers efficient, accurate, and energy-
conscious performance suitable for 24/7 IoT applications.

4.2 Discussion on evaluation scope and real-world
applicability

While the experimental results demonstrate the high accuracy
and efficiency of the proposed DFs-CSI, it is important to
critically discuss the evaluation scope and the steps required
for broad real-world deployment.

Table 7 Computational resources for movement detec. with windows
(W =16)

Metric Value

Total training time 12,178.28 s
Total test time 593s
Inference power draw (Avg) 71.76 W
Training power draw (Avg) 91.57TW
GPU memory usage 9886 MiB
Test accuracy 92.32%
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Classification strategy The current framework relies on a
specialized binary classification approach rather than a sin-
gle multi-class model. This design choice was intentional
to maximize modularity and operational efficiency in edge
computing environments. By deploying independent binary
experts (e.g., first detecting presence, then detecting move-
ment, and finally classifying specific actions like sweeping
or running), the DFs-csI becomes highly adaptable. In a
real-world scenario, if a new activity needs to be monitored,
a new lightweight binary classifier can be added without
the computational burden of retraining a massive multi-class
architecture from scratch. However, we acknowledge that a
unified multi-class evaluation is a highly relevant approach
for certain applications. Developing a hierarchical decision
tree to integrate these binary experts, or training a unified
multi-class Transformer, is a natural and necessary progres-
sion to enhance the DFs-CcsI’s seamless applicability.

As detailed in our methodology (Strategy A), our primary
models employ a “one-vs-all” approach. For instance, our
“movement detection” and “sweep detection” models were
trained to isolate the target state against a highly complex
background comprising all other activities. The “one-vs-all”
training strategy incorporates the full dataset’s complexity
into the binary models, and we highlight the practical versa-
tility and computational benefits of deploying targeted binary
experts for specific remote monitoring applications, such as
elderly care. Therefore, these binary models successfully
learned to distinguish the target action amidst the full vari-
ability of the entire dataset.

Additionally, in many real-world remote monitoring sce-
narios, highly specialized binary experts actually offer supe-
rior versatility. For example, in elderly care applications,
caregivers often do not need a system that constantly com-
putes a massive multi-class probability matrix to know the
exact fine-grained action being performed every second.
Instead, it is critically more important to have highly accu-
rate, dedicated binary alarms for specific states (e.g., a highly
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reliable “movement vs. still” detector to track daily activity
levels, or a dedicated “lying” detector to trigger an alert if a
patient is lying on the floor).

Additionally, this modular design allows administrators to
deploy only the specific detectors needed for a given patient,
minimizing the computational load on edge devices. If a new
critical activity needs to be monitored, a single lightweight
binary classifier can be added without the burden of retraining
a unified multi-class architecture from scratch.

Nevertheless, a unified multi-class evaluation or a hierar-
chical decision tree is a highly relevant approach for universal
applications and is a natural next step for our framework.

Environmental generalization Regarding the physical test-
ing environment, the experiments were conducted in a single,
controlled 3m x 4m room with a fixed furniture layout
and specific router placement. This controlled methodology
was crucial for the fundamental goal of this study: to iso-
late the human variable. By keeping the environment and
hardware constant, we successfully proved that the DFs-csT
can achieve true person-independent generalization across a
large and diverse dataset of 86 volunteers—a major challenge
in CSI-based sensing.

Nevertheless, Wi-Fi CSlis by nature sensitive to multipath
fading caused by room geometry, furniture displacement,
and transceiver locations. Consequently, deploying the cur-
rently trained models in a completely different building
or using different Wi-Fi chipsets without prior calibration
would likely result in performance degradation. To achieve
environment-independent generalization, future iterations of
DFS-CSI must incorporate domain adaptation or transfer
learning techniques. These strategies will allow the frame-
work to map the learned human activity features into new
environments and varying hardware setups using only a min-
imal calibration dataset, thereby solidifying its real-world
scalability. However, we would like to emphasize that the cur-
rent framework provides an exceptionally strong foundation
for cross-environment deployment. Because our proposed
Transformer models are highly compact and computation-
ally lightweight (as demonstrated by our efficiency metrics),
retraining or fine-tuning them for a new layout is fast and
inexpensive.

Furthermore, since the models have already learned
robust, person-independent motion features from 86 individ-
uals, they serve as excellent pre-trained baselines. Deploying
them in a new room or with different router placements would
likely require only a minimal calibration dataset via transfer
learning, drastically reducing the deployment effort com-
pared to training from scratch. Therefore, our lightweight
models serve as robust pre-trained baselines, making future

environment-independent generalization highly feasible
through minimal calibration and transfer learning.

5 Conclusions

This work presents a comprehensive framework for HAR
using Wi-Fi channel state information (CSI) and Transformer-
based deep learning models. By leveraging a large-scale
dataset of 86 participants, we demonstrated that the self-
attention mechanism is highly effective at capturing the
complex temporal dependencies of human motion without
the need for wearable sensors or invasive cameras.

The experimental results highlighted the robustness of the
proposed architecture. The DFs-csI achieved exceptional
performance in detecting dynamic activities, particularly
with the sweeping detection model, which reached near-
perfect recall. Although distinguishing between subtle static
activities (such as standing versus still) remains a challenge,
the models provided reliable baselines for presence and gen-
eral movement detection.

For future work, we aim to expand the DFs-CSI’s capabil-
ities to handle multi-occupancy scenarios, allowing simulta-
neous tracking of multiple individuals. Additionally, we plan
to investigate techniques to ensure robust performance across
different physical environments without the need for exten-
sive retraining. Finally, we intend to explore the development
of specialized models for healthcare monitoring, specifically
focusing on the detection of sleep apnea through CSI patterns.

To further expand the classification framework in sce-
narios where computational resources are not a constraint,
future versions of the prs-cst will explore advanced pre-
processing and tokenization techniques. While the current
system achieves high accuracy and ultra-low latency using
amplitude-only CSI data and direct 1D sequencing, incor-
porating CSI phase integration presents an opportunity
to provide richer spatial-temporal context for cloud-based
evaluations.

Furthermore, to enhance the robustness of the proposed
framework, recent optimizations were implemented and eval-
uated on the movement detection model with a window
size of 16. First, advanced denoising techniques were inte-
grated by applying a Hampel filter [24, 57] and a discrete
wavelet transform (DWT) [24, 57] prior to model injection.
This approach effectively removes high-frequency hardware
noise while preserving sharp motion transitions. Second, an
adaptive tokenization strategy was introduced to the net-
work. Instead of mapping individual raw packets directly
to tokens, the model now utilizes a localized temporal
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patching mechanism through a 1D stride convolution [2,
49]. This modification feeds more stable temporal contexts
into the Transformer’s attention mechanism, reducing expo-
sure to point-wise noise. Preliminary results indicate a clear
improvement in classification performance. With these new
implementations, the movement detection model achieved
a test accuracy of 94.25% and an Fl-score of 0.9426 (an
increase from the previous baseline of 92.32% and 0.9208,
respectively). These findings demonstrate that combining
advanced signal filtering with temporal patching significantly
enhances the model’s ability to accurately interpret CSI data.
We highlight these advanced techniques as a proven and
immediate next step to enhance the framework’s capability
in future scaled applications.
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