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ABSTRACT Wi-Fi based human activity recognition is emerging and preferable over other approaches due
to its numerous advantages, including privacy considerations, ubiquitousness, and easy deployment. While
existing literature predominantly focuses on identifying the activities of a single-user, recognizing multi-
person interactions (MPIs) is increasingly significant due to their profound social implications. However,
research in this area has not progressed due to the limitation of publicly available Wi-Fi datasets and
the complexities of MPI recognition. Motivated by this, we develop and publicly release a Wi-Fi channel
state information (CSI) based MPI recognition dataset, coined Wi-MIR, that uses three transmit and three
receive antennas to capture 270 (3 × 3 × 30) subcarriers with a sampling rate of 950 Hz. This dataset
consists of 3,740 trials encompassing seventeen distinct MPIs and is collected by eleven human pairs in
an indoor environment. We put forth a lightweight deep learning model with attention mechanisms for
MPI recognition from CSI, named CSI-IRNet, that adeptly concentrates on pertinent features, filtering out
irrelevant elements, and mitigating the impact of signal complexity within the CSI for recognizing MPIs
accurately. In addition, we compare the developed Wi-MIR and the existing public dataset by evaluating the
performance of MPI recognition on both datasets to highlight the strengths and advancements provided by
Wi-MIR. The evaluation results show that Wi-MIR dataset demonstrates a superior recognition performance
by utilizing more subcarriers with a higher sampling rate as well as covering more diverse kinds of MPIs
(Bowing, Conversation, Exchanging objects, Helping standup, Helping walk, and Touching another person).

INDEX TERMS Channel state information, deep learning, machine learning, multi-person interaction,
public dataset, received signal strength indicator, Wi-Fi.

I. INTRODUCTION
Human Activity Recognition (HAR) refers to the procedure
of determining specific human behavior by analyzing a
sequence of observations derived from human actions with
contextual surroundings. Its applications extend to the
Internet of Things (IoT), fostering the intuitive interactions
between humans and machines [1], [2]. In the realm of IoT,
HAR utilizes interconnected devices and sensors to monitor
and track human behavior for purposes such as enhancing
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health services [3], ensuring security [4], and providing
entertainment solutions [5], [6] through the collection,
transmission, and analysis of relevant data. By leveraging
IoT technology, HAR contributes to a better understanding
of human activities, enhancing the capabilities of technology
to adapt and respond effectively. Traditional HAR method-
ologies employ various sensing technologies, including
computer vision [7], wearable sensors [8], and radars [9].
However, vision-based HAR that uses cameras to capture
human movement data is susceptible to factors, such as
varying light conditions, environmental settings, and harms
user privacy. Wearable sensor-based HAR relies on users

67256

 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ VOLUME 12, 2024

https://orcid.org/0000-0001-9469-2041
https://orcid.org/0000-0003-4503-4864
https://orcid.org/0000-0001-6513-1237
https://orcid.org/0000-0001-9824-1950


M. Shafiqul Islam et al.: Wi-MIR: A CSI Dataset for Wi-Fi Based MPI Recognition

carrying devices, like smartphones or smartwatches, which
poses inconveniences, especially for elderly or disabled
individuals. The need for users to have the required tools with
them can make activity recognition (AR) impractical in some
real-life scenarios. Radar-based HAR, while effective, often
faces limitations due to the use of specialized equipment, like
universal software radio peripherals (USRP) and restricted
coverage area. All these limitations collectively impact the
overall performance and applicability of conventional HAR
methods in various scenarios.

In contrast to conventional methods, the recent atten-
tion [10], [11], [12], [13], [14], [15], [16], [17], [18], [19],
[20] is garnered byWi-Fi basedHAR in indoor environments,
highlighting its compatibility with the IoT. Wi-Fi based HAR
stands out for its simplicity, contactless nature, non-line-
of-sight (NLOS) communication, and privacy-preserving
features. The contactless nature of signals is advantageous,
eliminating the need for individuals to wear or carry specific
devices. The inherent advantages of Wi-Fi based HAR,
coupled with the principles of IoT, create a synergistic
relationship that makes a promising and practical choice for
AR in different contexts.

Multi-person interaction (MPI) recognition is essential to
enhance collaboration, improving communication in group
sitting, and coordination across various domains. It plays an
important role in improving teamwork, emergency response,
education, healthcare, entertainment, and the development
of smart environments, leading to more effective and
personalized solutions in diverse real-life scenarios [21],
[22]. However, in the existing literature, authors [18], [19],
[20], [23], [24], [25], [26], [27], [28], [29], [30], [31],
[32], [33] mostly focus on developing Wi-Fi based single-
user AR datasets. The research [10], [18], [20], [34], [35],
[36] efforts have concentrated on developing algorithms and
models that can accurately identify and classify individual
activities. These AR systems have inherent limitations in
real-world applications, where human interactions inherently
involve more than one participant. From the literature, there
is a predominant emphasis on single-user AR rather than
the investigation of MPI recognition. The limitation of MPI
recognition can be attributed to two primary reasons: i) a
scarcity of available Wi-Fi based MPI datasets hinders the
development of algorithms or models for recognizing MPIs,
and ii) the complexity of analyzing MPIs between multiple
individuals that involves understanding the dynamics, depen-
dencies, and diverse scenarios in MPIs.

With the rapid advancement of deep learning (DL) across
diverse domains, researchers increasingly employ machine
learning (ML) and DL algorithms in Wi-Fi based HAR.
Despite the commendable efforts of a few previous works
[15], [16], [37], [38], [39], [40] in utilizing DL for MPI
recognition with satisfactory accuracy, the research contends
that a more extensive dataset can significantly enhance
performance across diverse MPIs in a variety of indoor
environments. There is no Wi-Fi based public dataset for
MPI recognition except the existing Wi-HHI [40] dataset

concerning human-to-human interaction (HHI) recognition
shared by Jordan University of Science and Technology
in 2020. Moreover, the inconsistency in MPI data poses
a challenge for comparing related works, prompting us to
construct a public Wi-Fi based MPIs dataset. Motivated by
this, we introduce Wi-MIR, a dataset for Wi-Fi CSI-based
MPI recognition. This dataset utilizes three transmit and three
receive antennas to capture 270 (3× 3× 30) subcarriers with
a higher sampling rate of 950 Hz. Eleven human pairs are
involved in collecting 3,740 trials of seventeen distinct MPIs,
including five new types of MPIs (Bowing, Conversation,
Exchanging objects, Helping standup, Helping walk, and
Touching another person) in an indoor environment. The
developed Wi-MIR dataset addresses the current scarcity
of resources and is a crucial contribution for researchers
seeking to explore MPIs in diverse contexts. The advantages
of constructing a Wi-Fi CSI-based public Wi-MIR dataset
are threefold. Firstly, it mitigates the time and labor cost
of gathering such extensive data. Secondly, it facilitates
the sharing of substantial MPI data, fostering collaboration
and knowledge exchange within the research community.
Finally, the availability of the developedWi-MIR dataset will
accelerate the development of wireless sensing technologies
and advance practical applications in MPI recognition.

To validate the worthiness of the developed Wi-MIR
dataset for the effective classification of MPIs, we propose a
DL-based CSI-IRNet model comprising two phases: feature
extraction and classification. The feature extraction phase
utilizes the depthwise separable convolution (DS-Conv) and
the frame subcarrier antenna attention mechanism (FSAAM)
block to extract robust features from Wi-Fi channel state
information (CSI). Subsequently, these fine-grained features
are used in the classification phase to recognize MPIs
effectively. Moreover, the developed Wi-MIR dataset is also
evaluated with the existing Wi-Fi CSI-based DL models and
four ML classifiers. The contributions of this paper include:

• We develop and publicly release a Wi-Fi CSI-based
MPIs dataset, named Wi-MIR [41], for future research
of MPI recognition and the development of various
human-computer interaction (HCI) applications. The
developed Wi-MIR dataset consists of seventeen well-
known MPIs. By leveraging the 5 GHz band with three
transmit antennas (NTx = 3), three receive antennas
(NRx = 3), along with 30 subcarriers (NSc = 30) and
a higher sampling rate of 950 Hz, the developed Wi-
MIR dataset recorded 270 (3 × 3 × 30) subcarriers that
significantly contribute to ensuring more accurate and
robust recognition capabilities for MPIs.

• We put forth CSI-IRNet, a lightweight DL model that
uses DS-Conv and FSAAM block to improve the MPI
recognition using essential features from the CSI signals
of three transmit and three receive antennas.

• To evaluate the developed Wi-MIR dataset, we employ
both ML and DL methodologies. The evaluation incor-
porates fourML classifiers, two existingDLmodels, and
the proposed CSI-IRNet model.
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TABLE 1. Public datasets for Wi-Fi based AR and HHIs.

• To assess the efficacy of the developed Wi-MIR dataset
compared to the existingWi-HHI [40] dataset, we utilize
the ML classifiers, the existing DL, and the proposed
CSI-IRNet models. The performance results of the
developed Wi-MIR dataset reveal its reliability, and
the online availability ensures its usability for other
researchers.

II. RELATED WORKS
There are numerous HAR datasets available in the literature,
encompassing varied data collection modalities, such as
cameras, wearable sensors, and Wi-Fi technology. With the
increasing availability and numerous advantages of Wi-Fi
communication, there is a recent upswing in the popularity of
Wi-Fi based HAR datasets and methodologies. This section
thoroughly reviews existing datasets specifically oriented
toward Wi-Fi, delineating their significance in the ongoing
exploration of AR and HHIs within the research domain.

Wei et al. [23] develop a dataset for single-user AR based
on Wi-Fi and propose a sparse representation classification
(SRC) method. Their proposed SRC approach is designed to
enhance the robustness of location-oriented AR by leveraging
CSI. In [24], authors present a Wi-Fi CSI-based single-user
AR dataset and introduce a CSI-based HAR and monitoring
(CARM) system. It utilizes two models to link the correlation
between CSI value dynamics and specific human activity.
The CARM demonstrates robust classification performance
for nine activities. Smokey, a passive smoking detection
system proposed in [25], utilizes the variation of Wi-Fi
CSI signals. It employs a foreground detection-based motion
acquisition method (temporal and frequency correlation) to
extract meaningful information from multiple subcarriers.
By leveraging common features based on autocorrelation,
Smokey accurately recognizes smoking-related motions.
Yousefi et al. [20] introduce a Wi-Fi based single-user AR
dataset consisting of seven activities and employ short-time
Fourier transform (STFT) and discrete wavelet transform
(DWT) for features extraction. The activities are classified
using support vector machine (SVM), random forest (RF),

and long-term short memory (LSTM). A device-free single-
user AR system is proposed in [26] using an adversarial
network (AN). They collect six human activities of CSI
data from six different environments. The proposed system
consists of a convolutional neural network (CNN) based
feature extractor, an activity recognizer, and a domain
discriminator to recognize environment-independent human
activities.

A public Wi-Fi based single-user AR dataset, named
Wiar [19], is developed by featuring sixteen activities in
three indoor environments. Various ML and DL approaches
are employed to classify activities in indoor environments.
Schäfer et al. [27] use the open-source tool Nexmon with
Raspberry Pi and Asus RT-AC86U routers to collect a single-
user AR dataset. They collect eight kinds of activity data
and employ LSTM and SVM to classify human activities.
In another approach [29], a single-user AR dataset is
developed consisting of nine kinds of human activities.
The diffraction-based sensing model (DSM) is introduced
to assess signal changes in response to human movements.
This model establishes a quantitative link between patterns
of signal variation and corresponding motions to recognize
human activities. Chen et al. [18] collect a single-user AR
dataset that comprises seven kinds of activity data from
two different environments (activity and meeting room) and
propose an attention-based bi-directional LSTM (ABLSTM)
for classifying the human activities. A dual-task CNN-
based DL framework for single-user AR using Wi-Fi CSI
signals is proposed in [30]. They collect over 1,400 CSI
fingerprints of six activities at sixteen indoor locations.
The proposed framework achieves robust performance in
recognizing activities. The eHealth CSI dataset, developed
by Galdino et al. [33], contains seventeen types of single-
human activities. It also includes phenotype information
and heartbeat rate monitoring data from a smartwatch. The
dynamic time warping (DTW) algorithm is utilized to extract
features, and the activities are classified using Naive Bayes,
SVM, and RF classifiers. Meneghello et al. [32] collect a
dataset in seven different environments. The data collection
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FIGURE 1. RSSI and CSI signal for the MPI of the Hugging in the developed Wi-MIR dataset.

encompasses a bedroom, a kitchen, a university laboratory,
a living room, ameeting room, a university office, and a semi-
anechoic chamber. Throughout data collection, the respective
positions of the transmitter, receiver, and monitoring devices
are changed in a predefined order. Another publicly available
single-user AR dataset is proposed in [31]. They collect seven
kinds of human activity data using Wi-Fi signals in both the
Line-of-Sight (LOS) and NLOS environments.

Alazrai et al. [40] develop an HHIs dataset, named
Wi-HHI, in an indoor environment. They use a Sagemcom
2704 router with two antennas (NTx =2) as a transmitter and
a desktop computer equipped with an Intel 5300 Network
Interface Card (NIC) with three antennas (NRx = 3) as a
receiver. They use an online Linux 802.11n CSI tool [42] to
capture 180 subcarriers. The Wi-HHI [40] dataset consists of
13 HHIs: 12 distinct HHIs and one steady state. They involve
44 human pairs to collect 12 different HHIs by setting the
transmitter to run at 2.4 GHz and a channel bandwidth of
20 MHz. A summary of the existing Wi-Fi based datasets of
AR and HHIs is given in Table 1.
The reviewed literature highlights the creation of Wi-Fi

based datasets for single-user AR by employing diverse
signal processing based on ML and DL approaches. There is
only one Wi-Fi CSI-based public dataset concerning HHIs.
Recognizing the scarcity, effectiveness, and importance of
MPIs, this study focuses on the development of a Wi-Fi
CSI-based MPIs dataset. The developed Wi-MIR dataset
utilizes three transmit and three receive antennas with more
subcarriers and a higher sampling rate of 950 Hz. This
dataset deals with seventeen distinct MPIs, including five
new kinds of MPIs (Bowing, Conversation, Exchanging
objects, Helping standup, Helping walk, and Touching
another person). In addition, we present a DL-based model
(CSI-IRNet) with an attention mechanism to evaluate the
developed Wi-MIR dataset.

III. WI-FI PROPERTISE
Wi-Fi signal has two types of properties: Received Signal
Strength Indicator (RSSI) and CSI. Each of these properties

has unique characteristics and capabilities. Therefore, ana-
lyzing both the RSSI and CSI plays an important role in
effectively recognizing MPIs.

A. RECEIVE SIGNAL STRENGTH INDICATOR (RSSI)
RSSI is the sum of signal powers from multiple paths
measured at each receive antenna, including the LOS path
between the transmitter and receiver, along with reflections
from surfaces like walls, furniture, and human entities in
the wireless communication environment. Separating the
signal components produced by the various paths in an
indoor environment is challenging due to the multipath effect.
Moreover, RSSI is considered a coarse-grained indicator
of Wi-Fi signals, broadly representing the overall received
signal power. This characteristic is beneficial for capturing
dynamic changes, especially in human movement scenarios.
Therefore, RSSI indicates simple dynamic variations in the
wireless environment. Fig. 1 (a) presents the RSSI signal for
the MPI of the Hugging in the developed Wi-MIR dataset.

B. CHANNEL STATE INFORMATION (CSI)
CSI stands as a pivotal element within wireless com-
munication systems by unraveling the intricacies of the
communication channel between transmitters and receivers.
This dynamic information encapsulates essential parameters,
like amplitude, phase, and frequency response, that offers a
detailed perspective on the behavior of the wireless channel.
In the orthogonal frequency division multiplexing (OFDM)
framework, the wireless channel is divided into several
narrowband subcarriers. The communication system can be
represented as [28]:

yi = Hixi + v, i = 1, 2, 3, . . . ,N , (1)

where Hi ∈ CNTx×NRx embodies the CSI matrix of the i-th
subcarrier; v and N represent the noise term and the number
of OFDM subcarriers, respectively. yi ∈ RNRx and xi ∈ RNTx

are the receive and transmit signals, respectively. The CSI
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FIGURE 2. The testbed environment for MPIs data collection.

matrix entries Hi are detailed as:

Hi =


h11i h12i . . . h1NRx

i
h21i h22i . . . h2NRx

i
...

...
. . .

...

hNTx1
i hNTx2

i . . . hNTxNRx
i

 . (2)

These elements are represented as hjki that describe the CSI
of the i-th subcarrier for the link between the j-th transmit
antenna and the k-th receive antenna. For a given element,
hjki is a complex value that is represented as:

hjki = |hjki |ej̸ hjki , (3)

where |hjki | and ̸ hjki represent the amplitude and phase,
respectively. CSI encompasses amplitude and phase infor-
mation across multiple subcarriers, providing a fine-grained
view of the wireless channel. This characteristic enables
better discrimination between different signal propagation
paths, aiding in understanding multipath propagation, reflec-
tions, and signal interference [43]. Due to its capacity to
capture rich information, CSI becomes a valuable indicator
for recognizing and understanding various MPIs in a wireless
environment. Fig. 1 (b) presents the CSI signal of 270 (3×3×

30) subcarriers for the MPI of the Hugging in the developed
Wi-MIR dataset.

IV. DEVELOPED WI-MIR DATASET
In the domains of ML and DL applications, datasets serve as
the cornerstone resources. The size and quality of a dataset
collectively influence the efficacy of classification or recog-
nition models. With increasing attention to Wi-Fi based HAR
technology and the limited availability of Wi-Fi based MPI

datasets, it is necessary to build robust and publicly available
Wi-Fi based MPI datasets. To bridge the gap, this research
introduces a Wi-Fi CSI-based MPIs dataset, named Wi-MIR,
by capturing seventeen diverse MPIs (Approaching, Bowing,
Conversation, Departing, Exchanging objects, Handshaking,
Helping standup, Helping walk, Hugging, Kicking with the
left leg, Kickingwith the right leg, Pointingwith the left hand,
Pointing with the right hand, Punching with the left hand,
Punching with the right hand, Pushing, and Touching another
person). Detailed insights into the developedWi-MIR dataset,
underscoring the richness and depth of the available data for
analysis, are presented in the following subsections.

A. TESTBED SCENARIO
The Wi-Fi signals of seventeen MPIs are recorded in an
indoor environment, specifically in a furnished room with
dimensions of 8m×6.1m, as depicted in Fig. 2. In Fig. 2,
the red-marked area exhibits frequent movement of human
limbs, while the green area tends to remain relatively stable
compared to the moving area during performing MPIs. The
testbed room is maintained under uniform conditions for
all participants to ensure data comparability. The room is
furnished with 12 tables, 24 chairs, a podium, two boards,
an air conditioning (AC), a speaker, a clock, and a projector.
A Wi-Fi network is established within this environment,
utilizing a Wi-Fi router as an access point (AP) and a desktop
computer with an Intel 5300 NIC as a receiver. The AP
and Intel 5300 NIC are strategically positioned in a LOS
configuration, maintaining a distance of 7.4 m between them.
Throughout the study, the pair of humans engage in seventeen
MPIs within the central area between the AP and the receiver
by ensuring standardized conditions for reliable research
outcomes and comparisons.
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FIGURE 3. The AP and Intel 5300 NIC are used to transmit and receive
Wi-Fi packets.

FIGURE 4. The MIMO streams established between the AP and the
receiver (Intel 5300 NIC).

FIGURE 5. Naming format for each recorded file.

B. HARDWARE AND DEVELOPMENT TOOLS
We utilize the publicly available CSI tool [42] to recordWi-Fi
signals transmitted from an AP (NETGEAR Nighthawk-
R7000 router) to a receiver (a desktop computer equipped
with an Intel 5300 NIC). Fig. 3 depicts the NETGEAR
Nighthawk-R7000 router and the Intel 5300 NIC engaged
in MPI data collection. The AP operates at a 5 GHz
band, specifically on channel number 36, with a channel
bandwidth of 20 MHz. The receiver is connected to the AP
by a dynamically assigned IP address. The AP and receiver
adhere to the IEEE 802.11n standard, incorporating multiple-
input multiple-output (MIMO) technology. Both the AP and
receiver are equipped with three transmit antennas (NTx =3)
and three receive antennas (NRx =3) to form aMIMO system
with 3×3 Wi-Fi streams. We used CSI tool [42] that captures
CSI for 30 subcarriers (NSc = 30) within each OFDM
modulated MIMO stream. Therefore, this design facilitates
capturing 270 (3× 3× 30) subcarriers in the MIMO system.
Fig. 4 illustrates the MIMO streams established between the
AP with three transmit antennas (Tx1, Tx2, and Tx3) and
the Intel 5300 NIC with three receive antennas (Rx1, Rx2,
and Rx3) that facilitate the recording of CSI during seventeen
MPIs.

C. DATA FORMAT
The raw data is organized into a central folder with seventeen
subfolders. Each subfolder contains data files recorded for
specific MPIs. Notably, there are 3,740 recorded trials, with
20 trials for each MPI across 11 pairs (i.e., 17 MPIs ×

20 trials × 11 pairs of human). Each trial is stored as a
distinct MATLAB data file (.mat) with a unique name. The
nomenclature for each recorded data file follows a structure
of “first_second_third_fourth.mat”, as depicted in Fig. 5.
The first and second segments denote the pair of human
IDs involved in the recorded MPIs, while the third part
indicates one of the seventeenMPIs represented by an integer
from 1 to 17. Specifically, Approaching (L1), Bowing (L2),
Conversation (L3), Departing (L4), Exchanging objects (L5),
Handshaking (L6), Helping standup (L7), Helping walk (L8),
Hugging (L9), Kicking with the left leg (L10), Kicking with
the right leg (L11), Pointing with the left hand (L12), Pointing
with the right hand (L13), Punching with the left hand (L14),
Punching with the right hand (L15), Pushing (L16), and
Touching another person (L17). The remaining part indicates
the trial number, ranging from 1 to 20. For instance, the data
file “S1_S5_L1_T10.mat” corresponds to data recorded for a
pair of human IDs, S1 and S5, during the tenth trial of theMPI
of the Approaching. Each trial’s data file consists of a cell
array with dimensionsM×1, whereM represents the count of
Wi-Fi packets captured during that specific trial. In addition,
each element within the cell array stores a Wi-Fi packet as a
structured entity, as delineated in Table 2.

D. SUMMARY OF PARTICIPANTS AND DATA ACQUISITION
In the developed Wi-MIR dataset, six males are randomly
chosen to participate in seventeen predetermined MPIs.
The impact of each human on the reflected signals is
systematically evaluated by considering factors like height,
weight, and exercise experience, as detailed in Table 3.
To facilitate the collection of MPI data, we create 11
unique human pairs from the six individuals who willingly
participated in this experimental study. Throughout the data
collection process, a designated data collector consistently
occupied a corner of the testbed room to collect MPI data.

Each pair of humans is assigned to execute 20 trials for
each of the seventeen MPIs. Sample images depict these
MPIs as presented in Fig. 6. The MPIs are characterized by
two distinct intervals: the steady state and the MPI intervals.
The pair of humans stand in a steady state interval without
engaging in any specific activity. Conversely, the pair of
humans execute one of the seventeen predefinedMPIs during
the MPI interval. We design timing diagrams outlining the
sequence of the MPI to ensure precision in performing
seventeenMPIs. During data collection, a start beep indicates
the commencement of the steady state. A second beep
indicates a pair of humans initiating one of the MPIs, while a
third beep specifies the ending of each MPI trial. The timing
diagram for recording is illustrated in Fig. 7.
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FIGURE 6. Sample images of the seventeen MPIs considered in the developed Wi-MIR dataset.

TABLE 2. The description of the fields in the structure that contains a Wi-Fi packet.

FIGURE 7. Timing diagram for MPIs data collection.

TABLE 3. Summary of the of the participant involved MPIs data
collection.

E. DATASET COLLECTION LOCATION AND ACCESSIBILITY
The data for this study is collected from Ajou University,
specifically from the Department of Electrical and Computer
Engineering, located in Suwon, Gyeonggi-do, Republic of
Korea. The geographical coordinates for the data collec-
tion site are approximately 37.2829◦ North latitude and
137.0435◦ East longitude. The developed dataset is publicly
available for researchers interested in further exploration. The
dataset is available on [41].

V. WI-MIR DATASET ANALYSIS
This section delves into a comprehensive analysis of the
Wi-Fi CSI-based Wi-MIR dataset, consisting of seventeen
distinct MPIs. The analysis is facilitated by examining
various figures, each shedding light on specific aspects of
the dataset. Our analysis commences with a focus on the CSI
signals recorded during each of the seventeen MPIs.

Fig. 8 presents a three-dimensional mesh plot showcasing
CSI signals recorded during the seventeen MPIs involving
the pair of humans comprising human IDs 1 and 6 in the
developed Wi-MIR dataset. The plot unfolds the temporal
dynamics (revealing patterns, trends, or changes throughout
theMPIs) within eachMPI, visually representing two distinct
intervals. The initial 1-second duration is characterized by the
interval of steady state, followed by the remaining seconds
dedicated to the MPI interval. The X-axis, Y-axis, and Z-axis
represent time in seconds, subcarriers, and the amplitude of
CSI signals, respectively. Notably, the plot captures nuances
in CSI signal variations across subcarriers over time and
reveals potential patterns during MPIs. This visualization
offers valuable insights into the spatiotemporal dynamics of
Wi-Fi signals by contributing to a comprehensive understand-
ing of MPIs of the developed Wi-MIR dataset.

The CSI signal of three transmit and three receive antennas
during the MPI of the Approaching is shown in Fig. 9.
It represents the signal patterns during both the steady state
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FIGURE 8. The CSI signals are captured during seventeen MPIs involving the pair of humans comprising human IDs 1 and 6 in the
developed Wi-MIR dataset.

andMPI intervals. The signal patterns within theMPI interval
change rapidly, whereas signals associated with the interval
of the steady state exhibit a more relaxed trend. Moreover,
it highlights that the signal patterns vary across three transmit
antennas and three receive antennas for the same MPI.
It emphasizes the need for a detailed analysis of each MPI
with corresponding changes in transmit-receive antenna pairs

that can be helpful in extracting fine-grained features in MPI
recognition.

Fig. 10 presents the average ± standard deviation of Wi-Fi
packets across all intervals, including MPIs and steady state
intervals, for each of the seventeen MPIs. We can see that
every MPI comprises an average of 6,500 packets for all
intervals (MPIs and steady state), where 950 packets are
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FIGURE 9. The CSI signals of 270 (3 × 3 × 30) subcarriers for the MPI of the approaching among three transmit and three receive
antennas.

FIGURE 10. The summary of the recorded data packets of all the seventeen MPIs.

for the steady state and the remaining packets for the MPIs
interval.

VI. MULTI-PERSON INTERACTION RECOGNITION
METHODOLOGY
The schematic representation of the proposed MPI recog-
nition system is illustrated in Fig. 11. This framework
encapsulates the pivotal stages essential for accurate MPI
recognition. Comprising four integral components, the
proposed framework unfolds as follows: i) MPIs data
collection, ii) Raw CSI data preprocessing, iii) Splitting the
preprocessed data into ten folds for training and testing, and
iv) Training, validation, and evaluation of the proposed CSI-
IRNet model. In our work, we collect 17 MPIs data, and
a comprehensive overview of the data collection process is
provided in Section IV. Noise is induced while the Wi-Fi
signal propagates, so we employ the widely used low-pass
Butterworth filter to denoise the raw CSI signals. Finally,
we propose a CSI-IRNet model to extract robust features and
recognize MPIs accurately.

A. DATA PREPROCESSING
The raw CSI data is collected as a four-dimensional tensor
encompassing packet index (time), OFDM subcarriers, and
spatial variations between transmit-receive antenna pairs.
Due to interventions like signal attenuation, multipath
propagation, and environmental factors, Wi-Fi CSI-based
signals often contain noise and outliers. It is essential
to preprocess the raw CSI data by removing irrelevant
information to enhance the credibility of MPI-related signal
patterns. We utilize a commonly used low-pass Butterworth
filter [10], [15] with a cutoff frequency of 10 Hz to denoise
the raw CSI signal, and this filtering process occurs within
the four-dimensional data space. The data has dimensions
I × NRx × NTx × NSc, where NSc = 30, NTx = 3,
and NRx = 3 represent number of subcarriers, transmit
antennas, and receive antennas, respectively; I denotes the
number of packets recorded during a specific trial. After
denoising, the resulting four-dimensional filtered CSI data
undergoes the transformation into a two-dimensional matrix
with dimensions I ×D, that retains temporal, spectral, and
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FIGURE 11. Block diagram of the proposed MPI recognition system.

spatial information. Here,D=Np×NSc whereNp =NTx×NRx
represents the number of transmit and receive antenna pairs
within the testbed. We use a window size of 256 with a 50%
overlap, which helps to alleviate concerns related to diverse
trial lengths and enhances computational efficiency.

B. PROPOSED CSI-IRNET MODEL
The proposed CSI-IRNet model comprises two primary
phases: feature extraction and classification, as illustrated
in Fig. 12. The feature extraction phase is responsible for
extracting fine-grained features, which are then subsequently
utilized by the classification phase for accurate MPI recog-
nition. The feature extraction process starts with a 2D CNN,
followed by batch normalization (BN) and ReLU activation,
three FSAAMblocks, and six DS-Conv blocks. TheDS-Conv
block extracts fine-grained features, reducing parameters
more efficiently than conventional CNN-based approaches.
Meanwhile, the FSAAM block discerns information by
identifying regions in the feature maps that require emphasis
or suppression. In contrast, the classification phase consists
of global average pooling (GAP), dense, and softmax layers.
Consequently, the proposed CSI-IRNet model combines DS-
Conv and FSAAM to acquire robust feature representations,
reducing parameters without compromising the accuracy of
MPI recognition. The summary of the CSI-IRNet model is
presented in Table 4 and Table 5, respectively.

TABLE 4. Summary for the feature extraction phase of CSI-IRNet model.

TABLE 5. Summary for the classification phase of CSI-IRNet model.

1) DEPTHWISE SEPARABLE CONVOLUTION (DS-CONV)
DS-Conv is a convolutional operation that decomposes the
traditional convolution into two distinct steps: depthwise
convolution (Dconv) and pointwise convolution (Pconv).
Dconv is applied to each channel independently and captures
features within each channel of the input feature map.
After Dconv, Pconv combines features across channels. This
separation enhances computational efficiency and reduces
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FIGURE 12. Architecture of the CSI-IRNet model.

FIGURE 13. DS-Conv block.

the model size, making it particularly advantageous for
applications with limited hardware resources.

Let K and x represent the convolution kernel and input
feature map, respectively. The subscripts ih, iw, and id denote
the input feature map’s height, width, and depth, respectively,
while kh and kw represent the kernel’s height and width,
respectively. The depthwise convolution (Dconv) with one

filter per input channel is expressed as follows:

Dconv (K, x)ih,iw,id =

∑
kh,kw

Kkh,kw,id · xih+kh−1,iw+kw−1,id .

(4)

Following Dconv, (Pconv) is applied:

Pconv(K, x)ih,iw =

∑
id

Kid · xih,iw,id . (5)

Every DS-Conv block is composed of Dconv layer with
3 × 3 size kernels, BN layer, ReLu, and Pconv with 1 × 1
size kernels. Following each Dconv and Pconv layer, there is a
subsequent layer of BN and ReLU which is shown in Fig. 13.

2) FRAME SUBCARRIER ANTENNA ATTENTION MECHANISM
(FSAAM)
The movement of various body parts is involved when the
pair of humans engage in any kind of MPI. The human
body movement patterns are different for each kind of MPI.
Wi-Fi signals are affected by the reflection, refraction, and
scattering caused by the movement of human body pairs
within the space between the transmit and receive antennas as
the signals propagate. We focus on extracting features related
to CSI signal variations concerning transmit-receive antenna
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pairs, alongside exploring the relation of each subcarrier
variation with respect to the frames. To facilitate this,
we introduce the FSAAM, which encompasses the antenna
attention module (AAM) and the frame subcarrier attention
module (FSAM). The AAM and FSAM collectively focus on
the relationships between antennas, subcarriers, and frames,
aiming to derive fine-grained features. The description of the
AAM and the FSAM modules is given below.

a: ANTENNA ATTENTION MODULE (AAM)
This module is designed to extract the inter-relationship of
different features between the transmit and receive antenna
pairs. At the initial step, the AAM applies global max pooling
(GMP) to the outcome of the DS-Conv block (x). Then
a convolution operation followed by a sigmoid activation
function is applied to produce the output (̃x). The final step
involves an element-wise multiplication between x̃ and x to
get the AAM features map xAAM,

xGMP = GMP(x), (6)

x̃ = σ
(
f 1×1[xGMP]

)
, (7)

xAAM = x ⊗ x̃, (8)

where x∈RF×S×A, xGMP ∈ R1×1×A, and xAAM ∈ RF×S×AAM .
F , S, A, σ , and ⊗ denote the number of frames, subcarriers,
antennas, sigmoid activation function, and element-wise
multiplication, respectively.

b: FRAME SUBCARRIER ATTENTION MODULE (FSAM)
The FSAM extracts spatial features by leveraging the
relationships between different features across frames and
subcarriers. Initially, max pooling applies to the outcomes of
the AAM (xAAM). Subsequently, a convolution operation with
a 3×3 filter is performed, followed by a sigmoid activation
function to produce x̂. Finally, the FSAM features map xFSAM
is obtained by applying an element-wise multiplication
between xAAM and x̂,

xmax-pool = MaxPool(xAAM), (9)

x̂ = σ
(
f 3×3[xmax-pool]

)
, (10)

xFSAM = xAAM ⊗ x̂, (11)

where xmax-pool ∈ RF×S×1 and f 3×3 denotes a 3×3 kernel.

C. THE EXISTING WI-FI CSI-BASED DL RECOGNITION
MODELS
To facilitate a fair comparison, we select two DL models,
E2EDLF [16] and CSI-IANet [15]. The E2EDLF [16]
model is proposed by the existing Wi-HHI [40] dataset
collectors’ research group. The E2EDLF [16] model has
three phases: input, feature extraction, and recognition.
In the input phase, raw CSI signals are converted into CSI
images, and the feature extraction phase employs CNN
layers to extract features. The recognition phase utilizes these
features to recognize the HHIs. Another DL-based model,

CSI-IANet [15], first introduces modified inception CNN
with a feature attention mechanism to recognize HHIs. The
CSI-IANet [15] has three steps: data processing, feature
extraction, and recognition. The second-order Butterworth
low-pass filter denoises the raw CSI signal, and the feature
extraction layer extracts fine-grained features. Finally, the
recognition phase classifies HHIs.

D. HYPERPARAMETERS, TRAINING, AND EVALUATION
METRICS
A classification model involves three key phases: (i) develop-
ment, where hyperparameters are selected; (ii) training and
validation; and (iii) evaluation. The efficacy of a model’s
construction and training hinges on the availability of a
sufficiently diverse dataset and the appropriate choice of
hyperparameters, including learning rate (α), batch size,
number of epochs, and activation function. The training set
is utilized for selecting hyperparameters, while the validation
set is employed for assessing performance. The training
process utilizes specific hyperparameters, including α of 1×

10−3, 100 epochs, and batch size of 128. A callback monitor
is integrated to enhance adaptability, dynamically adjusting
α by reducing it by 75% if no improvement is observed over
ten consecutive epochs.

In this work, we employ the 10-fold cross-validation
(CV) technique that involves random partitioning of the
entire dataset into ten non-overlapping subsets of equal
size. All the models undergo training through an iterative
process across nine folds, with the tenth fold reserved for
performance evaluation. The overall recognition performance
is determined by averaging the results from all folds.
We utilize the Adam optimizer [44] to update weights and
the cross-entropy loss function [45] for loss computation.

The assessment of the performance of all the models
involves the consideration of three key performance metrics:
accuracy, F1-score, and Cohen’s kappa (k-score). These
metrics are expressed mathematically in terms of key
components, such as true-positive (TP: true positive occurs
when the model accurately recognizes the true positive
class), false-positive (FP: instances where actual inspection
indicates false facts, but experiments identify them as true),
true-negative (TN: instances where both actual inspection and
experiments indicate actual negative facts), and false-negative
(FN: instances where actual inspection indicates true facts,
but experiments identify them as false).

Recall =
TP

TP + FN
, (12)

Precision =
TP

TP + FP
, (13)

Accuracy =
TP + TN

TP + TN + FP + FN
, (14)

F1-score = 2 ×
Recall × Precision
Recall + Precision

. (15)

Precision measures the accuracy of predicted true facts
among the total actual true facts, while recall gauges how
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TABLE 6. Results obtained from the 10-fold CV of the CSI-IRNet model on the developed Wi-MIR dataset.

TABLE 7. Results obtained from the ML classifiers on the developed
Wi-MIR dataset.

often the model correctly identifies instances based on the
true positive rate. The F1-score, a harmonic mean of recall
and precision, offers a more insightful performance measure
than accuracy, whereas k-score indicates the classifier’s
performance by making random frequency estimation based
on the number of samples for each class, yielding values
between 0 and 1.

VII. RESULT AND DISCUSSION
This section presents the findings derived in the case of the
developed Wi-MIR and the existing Wi-HHI [40] dataset,
in terms of MPI recognition accuracy, F1-score, and k-
score. Furthermore, the robustness and consistency of the
evaluation metrics (accuracy, F1-score, and k-score) affirm
the appropriateness of the developed dataset’s representation
and features for modeling MPIs. We conduct a performance
comparison between the developed Wi-MIR and the existing
Wi-HHI [40] datasets by applying the ML and the existing
DL-based models along with the proposed attention-based
CSI-IRNet model.

A. EXPERIMENTAL RESULTS ON DEVELOPED WI-MIR
DATASET
1) PERFORMANCE OF THE PROPOSED CSI-IRNET MODEL
To validate the developed Wi-MIR dataset for classifying
MPIs, we perform an evaluation using the proposed CSI-
IRNet model. This experiment aims to establish the reliability
and trustworthiness of the developed dataset in accurately
recognizing MPIs. The comprehensive evaluation results of
the proposed CSI-IRNet model on the developed Wi-MIR
dataset, utilizing the 10-fold CV approach, are shown in
Table 6. The tabulated results in Table 6 provide the
model’s performance metrics across each fold and their
corresponding averages. The accuracy, F1-score, and k-score
are achieved with an average and standard deviation of
94.02% ± 0.15%, 93.14% ± 0.20%, and 0.937 ± 0.002,
respectively. Noteworthy, the observations from the detailed
analysis of Table 6 reveal that among the ten folds, the 8-th
fold attains the maximum accuracy performance of 94.15%,

while the remaining folds consistently achieve accuracy
levels surpassing 93.72%.

In addition, Fig. 14 illustrates the confusion matrix
generated by the proposed CSI-IRNet model, providing
valuable insights into its recognition performance across
seventeen MPIs. The main diagonal represents the average
recognition accuracy for each class, while off-diagonal ele-
ments indicate misclassifications. From a closer observation
of the confusion matrix, the proposed CSI-IRNet model
achieves high accuracy in recognizing “Touching another
person” of 98.37%, and all the other MPIs achieve more
than 93% accuracy except steady state, Approaching, and
Departing MPIs.

2) PERFORMANCE OF DIFFERENT ML CLASSIFIERS
A comprehensive overview of the performance of four ML
classifiers applying to the developedWi-MIR dataset forMPI
recognition is tabulated in Table 7. The classifiers considered
for evaluation include RF, SVM, k-nearest neighbors (k-NN),
and decision tree (DT). The RF classifier outperforms others,
achieving an accuracy of 65.52% and F1-score of 64.10%.
Following closely, the SVM demonstrates competitive results
with an accuracy of 62.06% and F1-score of 60.12%. The
k-NN and DT classifiers exhibit accuracy of 60% and
42.09%, respectively, with corresponding F1-score of 57%
and 38.21%. The above performance results show that the
RF and SVM have better recognition outcomes than the other
two (k-NN and DT) classifiers. In contrast, the proposed CSI-
IRNet model achieves an impressive accuracy and F1-score
of 94.02% and 93.12%, respectively.

B. COMPARISON BETWEEN DEVELOPED WI-MIR AND
THE EXISTING WI-HHI DATASET
We compare the developed Wi-MIR dataset with only one
publicly available Wi-HHI [40] dataset to evaluate how
well our dataset captures the intricacies of MPIs, like the
richness of features and specific characteristics of MPIs.
The existing Wi-HHI [40] dataset (refer to Section II) has
12 different HHIs with one steady state, while our dataset
contains seventeen MPIs with a steady state. Table 8 presents
a qualitative comparison between the developedWi-MIR and
the existing Wi-HHI [40] datasets. Since the Wi-HHI [40]
dataset involves 12 MPIs, we deliberately isolate a subset
of 12 identical MPIs from the developed Wi-MIR dataset,
aligning with the Wi-HHI [40] dataset for implementing the
DL models. The details of the identical MPIs and the average
number of recorded Wi-Fi packets for each MPI of both
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FIGURE 14. Confusion matrix of the proposed model for MPI recognition on the developed Wi-MIR dataset.

FIGURE 15. Comparison of average Wi-Fi packets for each MPI on developed Wi-MIR and the existing Wi-HHI [40] dataset.

datasets (developed Wi-MIR and the existing Wi-HHI [40])
are shown in Fig. 15.

1) MPI RECOGNITION PERFORMANCE COMPARISON
We select two existing DL models: E2EDLF [16] and
CSI-IANet [15] (refer to Section VI-C) to facilitate a fair
comparison with our proposed CSI-IRNet. Table 9 provides
an in-depth comparative performance analysis of the DL
models (E2EDLF [16], CSI-IANet [15], and CSI-IRNet)

applied to the existing Wi-HHI [40] and developed Wi-MIR
dataset in the case of 12 and 18 MPIs, respectively. For
considering the existing Wi-HHI [40] dataset for 12 MPI
recognition, the E2EDLF [16] model achieves an accuracy,
F1-score, and k-score of 86.30%, 86%, and 0.85, respec-
tively. The CSI-IANet [15] exhibits improved performance,
reaching an accuracy of 91.30%, F1-score of 91.27%, and
a k-sore of 0.89. The proposed CSI-IRNet outperforms both
models with an accuracy of 94.55%, F1-score of 94.50%, and
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TABLE 8. Comparison of the existing Wi-HHI [40] and developed Wi-MIR datasets.

TABLE 9. Comparing results of existing and proposed DL models on the
existing Wi-HHI [40] and Wi-MIR datasets.

k-score of 0.94. To compare the performance of the developed
Wi-MIR with the existing Wi-HHI [40] dataset, we separate
12 identical MPIs among 18 available MPIs and apply the
DL models in MPI recognitions. The E2EDLF [16] model
achieves an accuracy of 87.59%, F1-score of 87.12%, and
k-score of 0.86. The CSI-IANet [15] achieves an accuracy
of 93.49%, F1-score of 93.40%, and k-score of 0.92. The
proposed CSI-IRNet shows better performance, achieving
an accuracy of 96.18%, F1-score of 95.15%, and k-score
of 0.95. All the DL (the existing and proposed) models
individually get better MPI recognition performance on the
developed Wi-MIR dataset than the existing Wi-HHI [40]
dataset. The proposed CSI-IRNet outperforms the other two
existing DL models in terms of the accuracy, F1-score, and
k-score for both the Wi-HHI [40] and Wi-MIR dataset.
Expanding the evaluation to the developedWi-MIR dataset

with 18 MPIs, all DL (the existing and proposed) models
exhibit consistent performance trends. The E2EDLF [16]
model achieves an accuracy of 84.46%, F1-score of 82.05%,
and k-score of 0.82. The CSI-IANet [15] demonstrates
improved accuracy at 92.46%, F1-score of 91.59%, and
k-score of 0.911. Our proposed CSI-IRNet maintains its bet-
ter performance, achieving an accuracy of 94.02%, F1-score
of 93.14%, and k-score of 0.937. These results underscore
the efficacy of CSI-IRNet in accurately recognizing 18MPIs.
The performance of the proposed CSI-IRNet model, which
outperforms the two DL models (E2EDLF [16] and CSI-
IANet [15]), can be attributed to two key factors: i) the
integration of the DS-Conv and the FSAAM block enhances

the model’s capacity to concentrate on the most pertinent
features while disregarding irrelevant ones, and ii) the
inclusion of extra layers, like dropout, and a well-chosen
number of dense layers. These two factors collectively
substantiate the proposed CSI-IRNet model’s efficacy in
handling complex CSI signals for accurate MPI recognition.
However, the overall competent performance of the models
on the developed Wi-MIR dataset with 18 class MPIs shows
a slight decrease in accuracy compared to the 12 class MPIs.
This decline in performance can be attributed to the increased
number of MPI classes that introduce additional complexity
and challenges.

From the performance comparison result illustrated in
Table 9, it is obvious that there is a remarkable improvement
in MPI recognition performance in the case of the developed
Wi-MIR than the existing Wi-HHI [40] dataset. Operating
at a 5 GHz band with a 20 MHz channel bandwidth and
utilizing a 3 × 3 MIMO system, the developed Wi-MIR
dataset captures richer information, including 270 (3×3×30)
subcarriers. With a higher sampling rate of 950 Hz, this
dataset enhances the granularity of captured data, providing
a robust foundation for training and inference in MPI
recognition models. The expanded dataset size and the higher
sampling rate enhance the model’s ability to discern subtle
patterns and variations in the Wi-Fi signals associated with
different MPIs. The thorough evaluation of the developed
Wi-MIR dataset demonstrates its reliability, affirming its
suitability for online availability and facilitating its utilization
by other researchers.

VIII. CONCLUSION
In this paper, we have developed and publicly released a
Wi-Fi CSI-based MPI recognition dataset, coined Wi-MIR,
that encompasses seventeen distinct MPIs and collected by
eleven human pairs in an indoor environment. This dataset
utilizes more subcarriers and a higher sampling rate to curate
a collection of seventeen MPIs, including five new kinds
of MPIs. Moreover, the representation and characteristics
of the developed Wi-MIR have been compared with the
existing Wi-HHI [40] dataset and evaluated by the ML
classifiers, the existing DL-based models, and the proposed
CSI-IRNet models in terms of the accuracy, F1-score,
and k-score. According to performance comparison, the

67270 VOLUME 12, 2024



M. Shafiqul Islam et al.: Wi-MIR: A CSI Dataset for Wi-Fi Based MPI Recognition

developed Wi-MIR dataset outperforms the existing dataset
across all evaluation metrics, establishing it as a valuable
resource for MPI research. Future work aims to enhance CSI
data gathering by exploring newer Wi-Fi APs that support
the IEEE 802.11ax and 802.11bf standards, which offer
more subcarriers and improved signal quality. By doing so,
it enables greater accuracy and diversity in data collection.
Additionally, we plan to broaden our dataset to cover a wide
range of daily life MPIs, enrich indoor environments with
NLOS, and account for diverse age and gender dynamics.
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