Edinburgh Research Explorer

SenseFi: A library and benchmark on deep-learning-empowered
WiFi human sensing

Citation for published version:

Yang, J, Chen, X, Zou, H, Lu, CX, Wang, D, Sun, S & Xie, L 2023, 'SenseFi: A library and benchmark on
deep-learning-empowered WiFi human sensing', Patterns, no. 4, 100703.
https://doi.org/10.1016/j.patter.2023.100703

Digital Object Identifier (DOI):
10.1016/j.patter.2023.100703

Link:
Link to publication record in Edinburgh Research Explorer

Document Version:
Publisher's PDF, also known as Version of record

Published In:
Patterns

General rights

Copyright for the publications made accessible via the Edinburgh Research Explorer is retained by the author(s)
and / or other copyright owners and it is a condition of accessing these publications that users recognise and
abide by the legal requirements associated with these rights.

Take down policy

The University of Edinburgh has made every reasonable effort to ensure that Edinburgh Research Explorer
content complies with UK legislation. If you believe that the public display of this file breaches copyright please
contact openaccess@ed.ac.uk providing details, and we will remove access to the work immediately and
investigate your claim.

OPEN (75 ACCESS

Download date: 10. Mar. 2023


https://doi.org/10.1016/j.patter.2023.100703
https://doi.org/10.1016/j.patter.2023.100703
https://www.research.ed.ac.uk/en/publications/26411662-b62b-429a-ba4e-481b73f80d39

Patterns

SenseFi: A library and benchmark on deep-learning-
empowered WiFi human sensing

Graphical abstract

SenseFi Features

K .

WiFi Sensing Scenarios

H ° Processed Datasets

° Different WiFi Platforms

° Prevailing Deep Models

° Transfer Learning

° Unsupervised Learning

o : P
ey & P
° Comprehensive Benchmark
o: “’

° Insightful Experience

Smart Home

W

Channel State Information .

..............

O .,

#  Supervised Learning s
- N
H Train II Test (( Train 3\ II <( Test 5 H
H -~ e :
V’_JAM

Unsupervised Learning

Model Zoo
‘ UT-HAR ‘ CNTUR ‘ Widar ’ [ ’ :
: Model Model Model UT-HAR NTU-Fi Widar :
...................................................................................................
Highlights

e SenseFi offers a model zoo and a comprehensive benchmark
for WiFi sensing

e Pre-training models on large datasets can be generalized to
downstream WiFi-sensing tasks

e Shallow models outperform very-deep models across
different environments

e Processed datasets for different WiFi-sensing platforms are
available to use
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In brief

WiFi sensing is a method to detect the
presence or motion of humans or objects
within a wireless network by analyzing
signal propagation changes utilizing
learning algorithms. SenseFi, presented
in this article, is a comprehensive
framework for WiFi-sensing researchers.
It integrates current learning algorithms,
hardware platforms, and datasets for
different WiFi-sensing tasks, which could
support future research on designing
WiFi-sensing models.
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THE BIGGER PICTURE WiFi is extensively used in wireless communication to connect devices within a
network. Along with the development of machine-learning algorithms and the widespread use of Internet
of Things (loT) products, applications of WiFi have recently expanded from communication to sensing.
The presence or motion of humans or any objects within the wireless environment can be interpreted
from signal propagation patterns. Compared with traditional video forms of sensing, WiFi sensing has
the benefits of privacy protection, non-line-of-sight (NLOS) detection, and broad coverage. A comprehen-
sive WiFi-sensing framework called SenseFi is proposed in this article that integrates hardware platforms,
learning algorithms, and datasets applied for different WiFi-sensing tasks. We hope that SenseFi will
contribute to future algorithm design and evaluation for real-world applications.

0:000

Proof-of-Concept: Data science output has been formulated,
implemented, and tested for one domain/problem

SUMMARY

Over the recent years, WiFi sensing has been rapidly developed for privacy-preserving, ubiquitous human-
sensing applications, enabled by signal processing and deep-learning methods. However, a comprehensive
public benchmark for deep learning in WiFi sensing, similar to that available for visual recognition, does not
yet exist. In this article, we review recent progress in topics ranging from WiFi hardware platforms to sensing
algorithms and propose a new library with a comprehensive benchmark, SenseFi. On this basis, we evaluate
various deep-learning models in terms of distinct sensing tasks, WiFi platforms, recognition accuracy, model
size, computational complexity, and feature transferability. Extensive experiments are performed whose re-
sults provide valuable insights into model design, learning strategy, and training techniques for real-world
applications. In summary, SenseFi is a comprehensive benchmark with an open-source library for deep
learning in WiFi sensing research that offers researchers a convenient tool to validate learning-based
WiFi-sensing methods on multiple datasets and platforms.

INTRODUCTION extremely promising for a variety of device-free human-sensing
tasks, such as occupancy detection,® activity recognition,*”’
fall detection,® gesture recognition,”'® human identification,'~"*

people counting,’*'® and pose estimation.’® Unlike coarse-

With the proliferation of mobile Internet usage, wireless net-
works, such as WIiFi access points (APs), have become a

ubiquitous component of infrastructure in smart environments,
ranging from commercial buildings to domestic surroundings.
By analyzing the patterns of its wireless signals, current-day
APs have evolved beyond being pure WiFi routers and also serve
as a type of “sensor device” to enable new services for human
sensing. In particular, recent studies have pointed out that WiFi
signals in the form of channel state information (CSI)'* are

grained received signal strengths, WiFi CSI records more fine-
grained information in terms of the propagation of a signal
between WiFi devices and their reflection with respect to the
environment of human beings. However, as WiFi signals (2.4 or
5 GHz) lie in the non-visible band of the electromagnetic
spectrum, WiFi CSl-based human sensing is intrinsically more
privacy friendly than camera-based surveillance. Thus, it has
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Figure 1. The diagram of the SenseFi library

and benchmark

following questions may be considered:

(1) how can a deep neural network be
customized for a WiFi-sensing task by inte-

R e [
Model Zoo Dataset
UT-HAR NTU-Fi Widar
Model Model Model UT-HAR NTU-Fi Widar

grating existing network modules (e.g.,

drawn significant attention from both academic and industrial
agents. In response to the increasing interest, a new WiFi stan-
dard, 802.11bf,"” was designed by the IEEE 802.11bf Task
Group (TGbf), which will be used to amend the current WiFi stan-
dard both at the medium access control (MAC) and physical
layer (PHY) to include WiFi sensing as part of regular WiFi service
officially by late 2024.

Existing WiFi-sensing techniques can be categorized into
model- and learning-based methods. Model-based methods,
such as Fresnel Zone,'® rely on physical models that describe
the propagation of WiFi signals. They explicate the underlying
mechanism of WiFi sensing and design sensing methods for
periodic or single motions, such as respiration'®?? and fall-
ing.®?*2* Nevertheless, model-based methods are incapable
of accurately sensing complicated human activities consisting
of a series of different motions. For example, human gait com-
prises the synergistic movement of arms, legs, and bodies, dif-
ferences that are difficult to depict using physical models. In
contrast, by feeding significant amounts of data into machine-
learning® or deep-learning models,*° learning-based methods
exhibit remarkable performance in complicated sensing tasks.
Various deep neural networks have been designed to enable ap-
plications such as human activity recognition’® and gesture
recognition.® Although deep-learning models have performed
admirably in function approximation, they require very high
amounts of labeled data, which are expensive to collect and
are adversely affected by distribution shifts induced by environ-
mental dynamics.*’

Most state-of-the-art deep-learning models have been
developed for computer vision tasks,”® such as human activity
recognition,”®*° and natural language processing,®' such as
sentiment classification.®” These models have demonstrated
their ability to process high-dimensional and multimodal data.
These approaches have inspired the use of deep learning in
WiFi sensing for data pre-processing, network design, and
learning objectives. As a result, an increasing number of deep-
learning models have been developed for WiFi sensing.®**
These have successfully addressed the shortcomings of tradi-
tional statistical learning methods. However, this article mainly
focuses on achieving high accuracy on specific sensing tasks
by customizing deep neural networks and does not explore the
relationship between various deep-learning models and different
WiFi-sensing data collected using different devices and CSI
tools. It is unclear whether the impressive results reported in
research papers on WiFi sensing should be primarily attributed
to the deep model design or the WiFi platform. Therefore, there
are still significant gaps in our understanding of the relationship
between deep learning and WiFi sensing. For instance, the
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fully connected layer, convolutional layer,
recurrent neural unit, and transformer
block) into a synergistic framework? (2) How do existing models
perform when compared fairly on multiple WiFi-sensing plat-
forms and data modalities? (3) How can a trade-off be achieved
between recognition accuracy and efficiency?

To address these questions, we propose SenseFi, a bench-
mark and model zoo library for WiFi CSI sensing, using deep
learning. To this end, we first introduce the prevalent deep-
learning models, including multilayer perceptron (MLP), convolu-
tional neural network (CNN), recurrent neural network (RNN), var-
iants of RNN, CSI transformers, and CNN-RNN, and summarize
their effectiveness in CSI feature-learning and WiFi-sensing
tasks. Then, we investigate and benchmark these models on
three WiFi human activity recognition datasets comprising both
raw CSI data and processed data collected using the Intel
5300 CSI tool' and the Atheros CSI tool.”>*°> The accuracies
and efficiencies of these models are analyzed and compared
to demonstrate their potential for real-world applications. We
also explore the benefits to different WiFi-sensing tasks afforded
by transfer learning and the utilization of unsupervised learning to
extract features without labels, reducing the need for annotation.
As depicted in Figure 1, all deep models in our model zoo, along
with the dataset loading and learning schemes, are incorporated
into a single library, allowing researchers to develop and eval-
uate their models easily in a variety of environments.

The contributions of this study are summarized as follows.

o We systematically introduce WiFi-sensing technology,
analyze the benefits afforded to WiFi sensing by cutting-
edge deep-learning models, and review recent progress
on deep-learning-empowered WiFi sensing.

® We propose SenseFi, a comprehensive WiFi-sensing
framework that enables systematic evaluation and com-
parison of various deep-learning models in an open-source
manner. SenseFi benchmarks advanced deep models and
learning schemes for WiFi sensing, providing evidence and
tools for future research.

@ In addition to existing datasets (UT-human activity recog-
nition [HAR]*® and Widar®’), we construct and release
two new datasets (NTU-Fi HAR and human identification
[Human-ID]) using a CSI platform that provides higher-
resolution CSI data than that currently available, enabling
us to benchmark deep-learning methods and evaluate
their feasibility for WiFi sensing.

o Unlike existing works that focus on supervised learning,
SenseFi also investigates and benchmarks transfer learning
and unsupervised learning schemes, which enable knowl-
edge transfer across different sensing tasks and data-
efficient WiFi sensing, respectively.
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o We summarize the observations and experiences that may
benefit real-world applications of WiFi-sensing research in
terms of model design, model training, and learning strate-
gies. We also discuss current challenges and outline future
directions of research.

Concept of WiFi sensing

WiFi-sensing data: CSI

In WiFi communication, CSI captures information on the propa-
gation of wireless signals in a physical environment after diffrac-
tion, reflection, and scattering by describing the channel proper-
ties of the communication link. Modern wireless communication
networks following the IEEE 802.11 standard, such as multiple-
input multiple-output (MIMO) and orthogonal frequency division
multiplexing (OFDM), at the PHY, aim to increase data capacity
and improve orthogonality in transmission channels affected
by multipath propagation. As a result, modern WiFi APs typically
involve multiple antennas with many subcarriers for OFDM. Cor-
responding to a pair of transmitter and receiver antennas, CSI
describes the phase shift and amplitude attenuation of multiple
paths on each subcarrier. Compared with received signal
strength, CSI data are of higher resolution and can be consid-
ered to be “WiFi images” of the environment of propagation.
Specifically, the channel impulse response (CIR), h(7), of WiFi
signals is defined as follows in the frequency domain:

L
h(r) = Za/eilﬂ/é(,r -7, (Equation 1)
/=1

where oy and ¢, denote the amplitude and phase of the /-th multi-
path component, respectively; 7, denotes the time delay; L de-
notes the number of multipaths; and §(r) denotes the Dirac delta
function. To estimate CIR, the OFDM receiver samples the signal
spectrum at the subcarrier level in a realistic implementation,
which represents the amplitude attenuation and phase shift us-
ing a complex number. In WiFi sensing, CSI recording functions
are realized using specific tools.'*® The estimation can be repre-
sented by

H; = ||H;||€“H, (Equation 2)
where ||H;|| and £H; denote the amplitude and phase of the i-th
subcarrier, respectively.

WiFi-sensing tools and platforms

The number of subcarriers is determined by the bandwidth and
tool used. The number of subcarriers is directly proportional to
the resolution of the CSI data. Existing CSI tools include Intel
5300 NIG," Atheros CSI Tool,*® and Nexmon CSlI Tool.* Several
realistic sensing platforms have been constructed using these
tools. The Intel 5300 NIC is the most commonly used tool, and
it was the first CSI tool to be released. It can record 30 subcar-
riers for each pair of antennas during operation using a
20-MHz bandwidth. The Atheros CSI Tool increases the resolu-
tion of CSI data by improving the recording of CSI to 56 subcar-
riers at 20 MHz and 114 subcarriers at 40 MHz. These tools have
been widely used in many applications.>®%?>9 The Nexmon
CSI Tool was the first tool that enabled CSI recording on smart-
phones and Raspberry Pi—it can capture 256 subcarriers at 80
MHz. However, previous studies’®*' have demonstrated that

¢ CellP’ress

CSI data collected using the Nexmon CSI Tool are quite noisy.
In this study, we only investigate the effectiveness of deep-
learning models trained on representative CSI| data obtained
using the widely used Intel 5300 NIC and Atheros CSI tools.
CSlI data transformation and cleansing

In general, CSI data consist of a vector of complex numbers,
including the amplitude and phase. The processing of these data
for deep-learning models is the primary aim in WiFi sensing. Based
on existing works, we summarize the following approaches.

1. Only the amplitude data are used as input. Raw phases
obtained from a single antenna are randomly distributed
due to random phase offsets,*? stabilizing the amplitude
of CSI and enhancing its suitable for WiFi sensing. A sim-
ple denoising scheme, such as wavelet denoising,® can
be used to filter the high-frequency noise in CSI ampli-
tudes. This is the most common practice in most WiFi-
sensing applications.

2. The CSI difference between antennas is used for model-
based methods. Although raw phases are noisy, the phase
difference between two antennas is quite stable® and can
reflect subtle gestures more accurately than amplitudes.
The CSl ratio®® was proposed to mitigate noise using the
division operation and by increasing the sensing range.
These techniques are mostly designed for model-based
solutions as they require clean data for setting thresholds.

3. The processed Doppler representation of CSl is used. The
dependence of CSI data on the environment is eliminated
by simulating the Doppler feature, which only reflects
human motion, using the body-coordinate velocity profile
(BVP).

In our benchmark, as we focus on learning-based methods,
we use the most common data modality (i.e., amplitude only)
and the BVP modality designed to be domain invariant.
Insight: The effect of human activities on CSI
As depicted in Figure 2, CSI data for human sensing consist of
two dimensions: subcarrier and packet number (i.e., time dura-
tion). At each packet or timestamp, t, we have X; = Ny X Ng X
Nsub, Where Nt, Ng, and Ny, denote the numbers of transmitter
antennas, receiver antennas, and subcarriers per antenna,
respectively. This can be considered to comprise a “CSl image”
of the surrounding environment at the time, t. The CSI images
from subsequent timestamps form a “CSl video” that can
describe human activity patterns. To connect CSI data with
deep-learning models, we summarize the data properties that
offer a better understanding of deep model design.

1. Subcarrier dimension — spatial features. The values of
multiple subcarriers can capture the propagation of sig-
nals after diffraction, reflection, and scattering, thereby
describing the spatial environment. These subcarriers
can be considered to be analogous to image pixels, from
which convolutional layers extract spatial features.**

2. Time dimension — temporal features. For each subcar-
rier, its temporal dynamics represent changes in the envi-
ronment. In deep learning, temporal dynamics are usually
modeled using RNNs.*®

3. Antennadimension — resolution and channel features. As
each antenna captures a different propagation path of the
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Figure 2. The CSI samples of three human activities in NTU-Fi, collected by Atheros CSI Tool

signal, it can be considered to be a channel in deep
learning, similar to the RGB channels of an image. CSI
data gathered from a single pair of antennas are similar
to a grayscale image with only one channel. Thus, the
number of pairs of antennas is directly proportional to
the resolution of the CSI data. Antenna features should
be processed separately in convolutional layers or recur-
rent neurons.

RESULTS

Models: Deep neural networks for WiFi sensing

Deep learning is a branch of machine learning that involves the
use of models composed of numerous processing layers to learn
data representations.** Unlike classical statistical learning,
which relies primarily on handcrafted features designed manu-
ally using prior knowledge,*® deep learning aims to extract
features automatically from large amounts of labeled data
and optimize model performance using backpropagation.**
Although the deep-learning theories were developed in the
1980s, the high computational requirements made their imple-
mentation impractical until the development of graphical pro-
cessing units (GPUs). Deep learning has since been widely
used in fields such as computer vision,?® natural language pro-
cessing,®' and interdisciplinary research.*”

Deep-learning models for WiFi sensing typically consist of a
feature extractor and a classifier. The classifier usually consists
of several fully connected layers that can learn a good decision
boundary, and the design of the feature extractor is critical to
success. A large number of deep architectures have been pro-
posed for feature extractors,*® with each enjoying specific ad-
vantages for certain types of data. Deep-learning models for
WiFi sensing are constructed using these prevailing architec-
tures to extract patterns of human motion.® We summarize the
latest works on deep models for WiFi sensing in Table 1 and
observe that the network architectures of these works include
MLP, CNN, RNN and its variants, combinations of these net-
works, and transformers.

4 Patterns 4, 100703, March 10, 2023

Here, we briefly introduce these network architectures for
benchmarking purposes. MLP relies on dense connections be-
tween neuron layers”' and is commonly used as a classifier.
When used as a feature extractor, it mixes the spatial and tempo-
ral dimensions of CSI data, damaging the intrinsic structure of
the data. CNN preserves spatial information and uses shared
weights for convolution kernels, which helps to reduce the num-
ber of parameters compared with MLP. 1D and 2D convolutions
are widely used in WiFi sensing and have achieved good re-
sults.®”** However, CNNs can suffer from a limited receptive
field and the equal importance of all convolutions, which can
be partially addressed using an attention mechanism. Deep
CNN, such as a series of residual neural networks (ResNets),”?
exhibits good performance in classification tasks on high-dimen-
sional data. An RNN is designed to capture temporal patterns’®;
however, its training complexity is high owing to its high depth
and number of parameters. Several variants of RNN have been
developed to learn long-term patterns more efficiently, such as
long short-term memory (LSTM) and GRU. Combining an RNN
and a CNN enables the learning of spatiotemporal representa-
tions with fewer parameters. The transformer extracts features
by exploiting attention among spatial or temporal dimensions
and exhibits good performance. However, it relies significantly
on a large number of parameters for training.”* Figure 3 illus-
trates the input of WiFi CSI data into various network types.

Scenarios: Learning schemes for deep WiFi-sensing
models
Traditional training of deep models relies on supervised
learning based on high volumes of labeled data, but data
collection and annotation are bottlenecks in realistic WiFi-
sensing applications. For example, the recognition of human
gestures requires users to perform gestures hundreds of
times, which is impractical in real-world scenarios. Figure 4 il-
lustrates the learning methods and their contribution to WiFi
sensing in the real world.

Supervised learning is a method of training deep models using
input data that has been labeled for a specific output. This is the
most commonly used learning strategy in current WiFi-sensing
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Table 1. A survey of existing deep-learning approaches for WiFi sensing

Method Year Task Model Platform Scenario
Yousefi et al.*® 2017  human activity recognition RNN, LSTM Intel 5300 NIC supervised learning
WiCount*? 2017  people counting MLP Intel 5300 NIC supervised learning
EI°° 2018 human activity recognition CNN Intel 5300 NIC transfer learning
CrossSense™ 2018 human identification, gesture recognition ~ MLP Intel 5300 NIC transfer ensemble learning
Chen et al.”" 2018 human activity recognition LST™M Intel 5300 NIC supervised learning
DeepSense” 2018 human activity recognition CNN-LSTM Atheros CSI Tool supervised learning
WIADG*” 2018  gesture recognition CNN Atheros CS| Tool  transfer learning
WiSDAR* 2018  human activity recognition CNN-LSTM Intel 5300 NIC supervised learning
Wivi” 2019  human activity recognition CNN Atheros CSI Tool  supervised learning
SiaNet” 2019  gesture recognition CNN-LSTM Atheros CSI Tool  few-shot learning
CSIGAN®>® 2019  gesture recognition CNN, GAN Atheros CSI Tool  semi-supervised learning
DeepMV** 2020 human activity recognition CNN (attention) Intel 5300 NIC supervised learning
WIHF®® 2020 gesture recognition CNN-GRU Intel 5300 NIC supervised learning
DeepSeg™® 2020 human activity recognition CNN Intel 5300 NIC supervised learning
Sheng et al.”” 2020 human activity recognition CNN-LSTM Intel 5300 NIC supervised learning
Schafer et al.*’ 2021  human activity recognition LSTM Nexmon CSI Tool  supervised learning
Moshiri et al.>® 2021  human activity recognition CNN Nexmon CSI Tool supervised learning
Ding et al.”® 2021  human activity recognition CNN Intel 5300 NIC few-shot learning
Widar®” 2021 human identification, gesture recognition = CNN-GRU Intel 5300 NIC supervised learning
WIiONE®® 2021  human identification CNN Intel 5300 NIC few-shot learning
Ma et al.®’ 2021  human activity recognition CNN, RNN, LSTM Intel 5300 NIC supervised learning
THAT®? 2021  human activity recognition Transformers Intel 5300 NIC supervised learning
WiGr®® 2021  gesture recognition CNN-LSTM Intel 5300 NIC supervised learning
MCBAR® 2021  human activity recognition CNN, GAN Atheros CSI Tool  semi-supervised learning
CAUTION™ 2022 human identification CNN Atheros CSI Tool  few-shot learning
CTS-AM®® 2022  human activity recognition CNN (attention) Intel 5300 NIC supervised learning
WIGRUNT®® 2022  gesture recognition CNN (attention) Intel 5300 NIC supervised learning
Zhuravchak et al.®” 2022  human activity recognition LST™M Nexmon CSI Tool  supervised learning
EfficientFi®® 2022 human activity recognition, human CNN Atheros CSI Tool  multitask supervised
identification learning
SecureSense®® 2022  human activity recognition, human CNN Atheros CSI Tool  supervised learning
identification
AirFi®? 2022  gesture recognition CNN-MLP Atheros CSI Tool  transfer learning
AutoFi’® 2022  human activity recognition, human CNN-MLP Atheros CSI Tool unsupervised learning

identification

research.”’*>°2 These methods usually use cross-entropy loss
between the ground-truth label and prediction to optimize the
model. Although supervised learning is easy to implement and
exhibits high performance in many tasks, it requires a large
amount of labeled data, which limits its widespread use in real-
istic applications.

Transfer learning is a method of transferring knowledge from
one domain to another.”® When the two domains are similar, a
model can be pre-trained on one domain and fine-tuned in a
new environment, which can lead to significant performance
improvement. In contrast, when the two domains are distinct,
such as the different environments in which CSI data are
collected, the distribution shift can hinder performance, and
domain adaptation should be used. Domain adaptation is
a type of semi-supervised learning that addresses domain
shifts in transfer learning. It has been successfully implemented

in object recognition’®"® and text classification.”® Multidisci-

plinary scenarios are common in WiFi sensing because CSI
data are significantly dependent on the training environment.
Several methods have been developed to address this
problem.27'50’64‘80’81

Unsupervised learning is a method of learning data repre-
sentations without any labels. The resulting feature extractor
can be used to facilitate downstream tasks by training a spe-
cific classifier. Unsupervised learning has been demonstrated
to improve the generalizability of models in visual recognition
tasks® by avoiding reliance on any specific task. Current un-
supervised learning models are based on self-supervised
learning.®® Despite its effectiveness, unsupervised learning
has not been widely used in WiFi sensing, with only AutoFi be-
ing developed to enable model initialization for automatic user
configuration in WiFi-sensing applications.’®

Patterns 4, 100703, March 10, 2023 5



https://doi.org/10.1016/j.patter.2023.100703

Please cite this article in press as: Yang et al., SenseFi: A library and benchmark on deep-learning-empowered WiFi human sensing, Patterns (2023),

¢ CellPress

OPEN ACCESS

MLP

Time 7

-II—>

Flatten

u"n

CSI Data CN

Subcarrier

.| ;h-@aHﬂuﬂ |

Multiple channels \

//\'\\ Random
Forest

I n
M MIMO

\ Tlmestamp

E Transformer
ke
4

Patterns
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Atheros CSI tool.*> 11 types of deep
models are evaluated on these datasets
using the three learning strategies. Eventu-
ally, detailed analytics are obtained on the
convergence of the optimization, network
depth, and network selection.

Classifier Evaluations of various deep

architectures

Overall comparison. We summarize the

Few-shot learning is a data-efficient learning strategy that
uses only a few samples from each category during training.
This is typically achieved using contrastive or prototypical
learning. SiaNet® is a pioneering method for exploring few-shot
learning in WiFi sensing using a Siamese network. Subsequent
studies'>®° have extended prototypical networks from visual
recognition to WIiFi sensing and achieved good recognition
results. In particular, the use of a single sample for each class
during training is referred to as one-shot learning. Few-shot
learning has potential applications in practical WiFi-based
gesture recognition and Human-ID because of its reliance on
only a small number of samples.

Ensemble learning uses multiple models to improve predictive
performance.?* The ensemble process can operate at the
feature or prediction level. The feature-level ensemble concate-
nates features obtained from multiple models and subsequently
trains a final classifier. Prediction-level ensemble is more com-
mon, usually referring to voting or probability addition. Ensemble
learning can enhance performance, but it incurs heavy computa-
tion overhead. CrossSense®® developed a mixture-of-experts
approach, selecting one appropriate expert corresponding to
each input, thereby reducing computation cost.

Inthis study, we empirically explore the effectiveness of super-
vised learning, transfer learning, and unsupervised learning for
WiFi CSl data as they are the most commonly used learning stra-
tegies in WiFi-sensing applications.

Benchmarking deep learning in WiFi sensing

In this subsection, an empirical study is reported on WiFi CSI
data in terms of the aforementioned deep models, including
MLP, CNN, series of ResNet, RNN, GRU, LSTM, bidirectional
LSTM (BiLSTM), CNN + GRU, and vision transformer (ViT; i.e.,
transformer). The number following the model indicates the num-
ber of layers, and all specific designs are described in the exper-
imental procedures. The four datasets are detailed in Table 2.
Briefly, UT-HAR and Widar were collected using Intel 5300
NIC," and the NTU-Fi series of data were collected using the
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One channel Position Embeddlng
4 g HH - performances of all baseline models in
. l Table 3. On UT-HAR, ResNet-18 exhibits
SN 'Igﬁ mnnm<—>v Transformer the best accuracy of 98.11%, followed
N § ' NER Predicti - - i
\_ pair of anennas | ;‘\Vm : Encoder ) ’2(;7}6')0" by CNN-5. The shallow CNN-5 achieves

good results on all datasets, but the deep
networks, i.e., the ResNet series, do not
exhibit significant improvement in comparison. In fact, ResNet-
101 yields degenerating results on NTU-Fi. BiLSTM yields the
best performance on the two NTU-Fi benchmarks. To compare
these results, we visualize them in Figure 5, based on which
we can derive the following conclusions.

® MLP, CNN-5, GRU, LSTM, and transformer all achieve
good results on all benchmarks, indicating that these net-
works are suitable as feature extractors for WiFi CSI data.

e MLP, GRU, and CNN exhibit stable and superior perfor-
mance compared with the other networks. CNN and
GRU involve fewer parameters and lower computational
complexity.

® Very-deep networks (such as the series of ResNets) do not
consistently outperform CNN-5 and sometimes even
perform slightly worse on the NTU-Fi benchmark. This sug-
gests that shallow networks, such as CNN-5, are already
sufficient as feature extractors for WiFi sensing.

@ Vanilla RNN performs worse than LSTM and GRU because
of its difficulty in capturing long-term patterns and suscep-
tibility to gradient vanishing.

® The transformer architecture, i.e., ViT, does not operate
satisfactorily when the size of training dataset is not
adequate and the task is difficult, e.g., in NTU-Fi Human-
ID. In this case, simple MLP outperforms ViT.

® Asdepictedin Figure 5, no model performs well on all data-
sets consistently, especially on the more difficult Widar
dataset.

Computational complexity. The computational complexity of
the models, as measured in terms of the floating-point operation
(Flop) values presented in Table 3, is an important consideration
during the selection of a model for WiFi sensing. The vanilla RNN
exhibits low complexity but does not perform well. GRU and
CNN-5 are the second-best performing models, achieving
good results with relatively low computational complexity. It
should be noted that the transformer (ViT) exhibits very high
computational complexity owing to the attention computation,
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and its performance is similar to that of CNN, MLP, and GRU.
Thus, its utilization for supervised learning tasks in WiFi sensing
is inappropriate.

Model parameters. The number of model parameters also af-
fects the amount of GPU memory required for the inference.
As presented in Table 3, vanilla RNN involves the smallest num-
ber of parameters, followed by CNN-5 and CNN + GRU. The
numbers of parameters of CNN-5, RNN, GRU, LSTM, BIiLSTM,
and CNN + GRU are all small and acceptable for model inference
on the edge. When considering both the number of parameters
and the accuracy, CNN-5, GRU, BiLSTM, and CNN + GRU are
good choices for WiFi sensing. Although the number of model
parameters can be reduced via techniques, such as model prun-

y
Prediction
o o o o o o o o o o o o e e e e e e e o ¢ SE11iNG fOF all baseline models, and the re-

= 7  labeled data collected in a laboratory,

and then a small amount of data can
be used to customize the model for spe-
cific tasks for users. Human activities in
the HAR dataset and human gaits in
the Human-ID dataset are composed of
human motions; therefore, the feature
extractor should be able to generalize
over these two tasks. We evaluate this

—— -

sults are listed in Table 4. It is observed
that the CNN-5 feature extractor exhibits

A the best transferability, achieving a score

: of 96.35% on the Human-ID task. The se-

5} | ries of ResNets also exhibits superior

1  performance; however, their model com-

Prediction : plexities are much higher. ResNet-18 out-
1

performs ResNet-50 and ResNet-101,

i o o o o o o o o o o o e e e e o e s ? WHICH SUQQeESts that greater depth may

not always improve transferability in
WiFi-sensing tasks. Similar to CNN-5, MLP and BiLSTM also
exhibit good transferability. However, RNN, CNN + GRU, and
ViT are observed to achieve scores of only 57.84%, 51.73%,
and 66.20%, respectively, which demonstrates their weaker
capacity for transfer learning. This could be attributed to over-
fitting, such as a simple RNN that only memorizes specific pat-
terns on the HAR dataset but cannot recognize new patterns.
This could also be attributed to the feature-learning mecha-
nism. For example, the transformer (ViT) learns the connections
between local patches via self-attention, but these connections
may be different on the HAR and Human-ID datasets. Recog-
nizing different activities often relies on detecting differences
in a series of motions. However, most human gaits are very
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Table 2. Statistics of four CSI datasets for our SenseFi benchmarks

Datasets UT-HAR®® Widar®” NTU-Fi HAR®® NTU-Fi Human-ID%
Platform Intel 5300 NIC Intel 5300 NIC Atheros CSI Tool Atheros CSI Tool
Category number 7 22 6 14

Category names lie down, fall, walk, pick up,
run, sit down, stand up

of draws

Data size (330,250) (antenna,

subcarrier, packet)
Training samples 3,977 34,926
Testing samples 996 8,726
Training epochs 200 100

push&pull, sweep,
clap, slide, 18 types

(22,20,20) (time,
x_velocity, y_velocity)

box, circle, clean,
fall, run, walk

gaits of 14 subjects

(3,114,500) (antenna,
subcarrier, packet)

(3,114,500) (antenna,
subcarrier, packet)

936 546
264 294
30 30

similar, so only subtle patterns can be used as indicators for
gait identification.

Evaluation using unsupervised learning. We further investigate
the effectiveness of unsupervised learning for CSI feature
learning. We adopt the self-supervised approach AutoFi’® to
construct two parallel networks and use Kullback-Leibler (KL)
divergence, mutual information, and kernel density estimation
loss to train the two networks using only unlabeled CSI data. Af-
ter unsupervised learning, an independent classifier is trained
based on the fixed parameters of the two networks. All backbone
networks are tested using the same strategy —unsupervised
training on NTU-Fi HAR and supervised learning (i.e., fine-tuning)
on NTU-Fi Human-ID. The evaluation is performed using Human-
ID, and the results are presented in Table 5. CNN-5 exhibits the
best accuracy of 97.62%, followed by MLP and ResNet-18.
Recurrent networks such as RNN, GRU, and LSTM do not
perform well after unsupervised learning. These results demon-
strate that unsupervised learning can help deep models learn
discriminative features for CSI data—thus, CNNs are the most
effective. Compared with the results of transfer learning, unsu-
pervised learning yields better cross-task evaluation results,
which suggests that unsupervised learning on a large dataset
may aid model training on a smaller labeled dataset. CNNs and
MLP-based networks are more suitable for unsupervised
learning of WiFi CSI data.

Model analysis

Convergence of deep models. Although all the models
converge eventually, their training difficulties vary and affect their
practical usage. To compare their relative ease of convergence,
we depict the training losses of MLP, CNN-5, ViT, and RNN in
terms of epochs in Figure 6. It should be noted that the CNN con-
verges very quickly within 25 epochs on all four datasets, and
MLP also converges quickly. The transformer requires a higher
number of training epochs owing to a greater number of model
parameters. In comparison, RNN hardly converges on UT-HAR
and Widar and converges more slowly on NTU-Fi. We further
explore the convergence of RNN-based models, including
GRU, LSTM, BIiLSTM, and CNN + GRU in Figure 7. Although
strong fluctuations are observed during the training phases of
GRU, LSTM, and BILSTM, these three models exhibit much
lower training losses. In particular, GRU achieves the lowest
loss among all RNN-based methods. The training phase of
CNN + GRU is more stable, but its convergence loss is larger
than those of the others.

8 Patterns 4, 100703, March 10, 2023

The role of transfer learning. We further plot the training losses
of all models on NTU-Fi Human-ID with pre-trained parameters
obtained from NTU-Fi HAR in Figure 8. Compared with the
training procedures of the randomly initialized models depicted
in Figures 6C and 7C, convergence is achieved and becomes
much more stable. Two conclusions are derived based on these
results: (1) the feature extractors of these models are transfer-
able across two similar tasks, and (2) the fluctuations of training
losses are caused by the feature extractor because only the
classifier is trained during transfer learning.

Comparison with traditional machine learning (TML). To
demonstrate the superiority of deep-learning models, we eval-
uate the performance of TML methods on UT-HAR. UT-HAR
contains low-dimensional CSI data; therefore, TML is expected
to handle it more easily. Support vector machine (SVM),
K-nearest neighbor (KNN), decision tree, random forest, and
several configurations of naive Bayes are selected for compari-
son, and the results are listed in Table 6. The best model is
observed to be random forest, achieving 87.75% accuracy on
UT-HAR. It outperforms vanilla RNN and LSTM slightly. In partic-
ular, most deep-learning methods are observed to outperform
TML methods by large margins. These results demonstrate
that deep models are better suited to WiFi sensing than TML
methods.

Poor performance of very-deep CNNs. As is evident from the
data presented in Table 3, deeper ResNets do not perform bet-
ter than the basic ResNet-18 in supervised learning, transfer
learning, and unsupervised learning. In visual recognition,
deeper networks perform better on large-scale datasets,’”
such as ImageNet. This raises the question of whether the
poor performance of these deep models should be attributed
to underfitting or overfitting in WiFi sensing. We attempt to
answer this question by conducting an experiment on Widar
and plotting its training and testing accuracy, as depicted in
Figure 9. Figure 9A indicates that although the training accu-
racies of the three ResNets reach almost 100%, their testing
accuracies remain low. This indicates that the poor perfor-
mance of ResNets may be attributed to overfitting induced by
domain shifting due to different environments in Widar.®” As
CSI captures both moving objects and the environment, a dis-
tribution shift is induced when the training and testing environ-
ments are different. The generalizability of deep models can be
improved further via domain adaptation.®® In addition, overfit-
ting leads to unstable testing performance of deep models.
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Table 3. Evaluation of deep neural networks (using supervised learning) on four datasets

Dataset  UT-HAR Widar NTU-Fi HAR NTU-Fi Human-ID
Method Acc (%) Flops (M) Params (M) Acc (%) Flops (M) Params (M) Acc (%) Flops (M) Params (M) Acc (%) Flops (M) Params (M)
MLP 92.00 23.17 23.170 67.24 9.15 9.150 99.69° 17524 175240  93.91 17524  175.240
CNN-5 97.61° 31.68 0.296° 70.19° 3.38 0.299 98.70 28.24°  0.477 97.14 28.24° 0478
ResNet18 98.11° 49.93 11.180 71.70° 38.39 11.250 95.31  54.19 11.180 96.42 54.19 11.190
ResNet50 97.21  86.40 23.550 68.56  69.70 23.640 99.38° 90.66 23.550 9291  90.67 23.570
ResNet101 94.99 162.58  42.570 68.71 14587  42.660 95.31 166.83  42.570 88.40 166.85 42.590
RNN 83.53 2.51° 0.010% 47.05  0.66° 0.031% 84.64 13.09°  0.027° 89.30 13.09°  0.027°
GRU 94.18  7.60° 0.030 62.50 1.98° 0.091° 97.66  39.39 0.079 98.96° 39.39 0.079
LST™M 87.18 10.14 0.040 63.35 2.64 0.121 97.14 5254 0.105 97.19 5254 0.105
BiLSTM  90.19  20.29 0.080 63.43 5.28 0.240 99.69° 105.09  0.209 99.38° 105.09 0.210
CNN + 96.72  39.99 1.430 63.19 3.34 0.092 93.75 48.38 0.058° 87.48  48.39 0.058°
GRU

ViT 96.53 273.10 10.580 67.72 9.28 0.106 93.75 501.64 1.052 76.84 501.64 1.054
“Best.

PSecond best.

The testing accuracy of ResNet-101 is observed to undergo DISCUSSION

greater fluctuation than that of ResNet-18, whereas other net-
works (i.e., MLP, CNN, GRU) converge more easily with more
stable testing accuracies. This indicates that very-deep net-
works are prone to overfitting in cross-domain tasks in WiFi
sensing. Thus, they may not be a good choice for current
WiFi-sensing applications because of their performance and
computational overhead. The varied performances of very-
deep models also make the selection of an appropriate model
for practical deployment more challenging.

Evaluation of more deep models. In addition to the aforemen-
tioned networks mentioned in our benchmark, some more
commonly used models that are used in deep-learning applica-
tions are also evaluated on NTU-Fi Human-ID and Widar. These
models include the first deep CNN (AlexNet),®” deep models with
intermediary depth (VGG-16 and VGG-19),%® an inception model
(GoogleNet),%° and a small network tailored for low-computa-
tional devices (EfficientNet-b0).°° The results are listed in Table 7.
These models achieve accuracies exceeding 93% on NTU-Fi
Human-ID and exceeding 63% on Widar. It is noteworthy that
EfficientNet-b0 performs satisfactorily on both datasets with
small numbers of flops and parameters. This conclusion rein-
forces a previous one—very large models may not be necessary
for WiFi-sensing applications.

Choices of optimizer. Although the adoption of the Adam opti-
mizer hastens the convergence of models during training, it also
leads to considerable training instability, especially for very-deep
neural networks. As depicted in Figure 10A, ResNet-18 con-
verges stably, but ResNet-50 and ResNet-101 exhibit fluctuating
losses every 20-30 epochs. This may be attributed to the rapidly
changing values of WiFi data and Adam’s adaptive learning
rate.! As an alternative to Adam, the more stable optimizer, sto-
chastic gradient descent (SGD), is considered. As is evident from
Figure 10B, this makes the training procedure more stable. This
implies that SGD is a better choice when very-deep models are
implemented in WiFi sensing. On the other hand, the Adam opti-
mizer improves and hastens the convergence of simple models
that are sufficient for sensing tasks.

Summary of benchmarks and recommendations

Based on the analysis of the empirical results and characteristics
of deep-learning models in the context of WiFi sensing, the
following experiences and observations are summarized that
are expected to facilitate future research on model design,
model training, and real-world applications.

® Model choices. We recommend CNN, GRU, and BiLSTM
due to their high performance, low computational cost,
and small number of parameters. These shallow models
are observed to achieve remarkable results in activity
recognition, gesture recognition, and Human-ID, in contrast
to very-deep models, which are affected by overfitting,
especially in cross-domain scenarios.

e Optimization. We recommend using the Adam or SGD opti-
mizer. The Adam optimizer can help the model converge
quickly, but it causes instability during training in some
cases. In such cases, SGD is a more secure option, but
the hyperparameters of SGD (i.e., the learning rate and mo-
mentum) require manual specification and tuning.

® Recommended transfer-learning applications. We recom-
mend utilizing transfer learning when the task is similar to
existing applications and when a single CSI sensing plat-
form is used. The pre-trained parameters provide good
initialization and better generalizability. CNN, MLP, and
BiLSTM exhibit superior transferability.

® Recommendations regarding unsupervised learning. We
recommend applying unsupervised learning to initialize
the model for similar tasks since it extracts more generaliz-
able features than transfer learning. In general, CNN, MLP,
and ViT are more suitable in the unsupervised learning
framework.

Grand challenges and future directions
Deep learning continues to thrive in many research fields and
is constantly empowering more challenging applications and
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Figure 5. The performance comparison across four datasets

scenarios in WiFi sensing. Based on the new progress, we look
into the future directions of deep-learning-empowered WiFi
sensing and summarize them as follows.

Data-efficient learning

As CSI data are expensive to collect, data-efficient learning
methods should be further explored. Existing works have utilized
few-shot learning, transfer learning, and domain adaptation,
which yield satisfactory results in a new environment with limited
training samples. However, since the testing scenarios are sim-
ple, the transferability of these models cannot be well evaluated.
In the future, meta-learning and zero-shot learning could further
help learn robust features across environments and tasks.
Model compression or lightweight model design

In the future, it is necessary to achieve real-time computation for
certain applications of WiFi sensing, such as vital sign moni-

CNN-5 ResNetl8 ResNet50ResNetl01 GRU

Model

LSTM BiLSTM CNN+GRU  VIiT RNN

toring.”? Therefore, model compression techniques will play a
crucial role, such as model pruning,85 quantization7, and distilla-
tion,”® which decrease the model size via an extra learning step.
The design of lightweight model, such as the EfficientNet for vi-
sual recognition, is also favorable. It aims to construct a model
from scratch by balancing network depth, width, and resolution.
Multimodal learning

WiFi sensing is ubiquitous, cost effective, and privacy preser-
ving and can work without the effect of illumination and part
of occlusion, which is complementary to existing visual sensing
techniques. To achieve robust sensing 24/7, multiple modalities
of sensing data should be fused using multimodal learning.
WiVi” pioneers HAR by integrating WiFi sensing and visual
recognition. Multimodal learning can learn joint features from

Table 5. Evaluations on unsupervised learning

Table 4. Evaluations on transfer learning

Accuracy (%)

Method Accuracy (%) Flops (M) Params (M) Method Classifier1 Classifier2  Flops (M)  Params (M)
MLP 84.46 175.24 175.240 MLP 90.48° 89.12° 175.24 175.240
CNN-5 96.35% 28.24° 0.478 CNN-5 96.26° 97.62° 28.24% 0.478
ResNet18 85.94° 54.19 11.190 ResNet18 85.03" 82.99 54.19 11.190
ResNet50 79.21 90.67 23.570 ResNet50 47.28 45.58 90.67 23.570
ResNet101 68.88 166.85 42.590 ResNet101 36.05 35.37 166.85 42.590
RNN 57.84 13.09° 0.027° RNN 53.74 51.36 13.09° 0.027°
GRU 75.89 39.39 0.079 GRU 65.99 64.63 39.39 0.079
LST™M 71.98 52.54 0.105 LST™M 53.06 55.10 52.54 0.105
BiLSTM 80.20 105.09 0.210 BiLSTM 51.36 55.78 105.09 0.210
CNN + GRU 51.73 48.39 0.059° CNN + GRU  50.34 53.40 48.39 0.059°
ViT 66.20 501.64 1.054 ViT 78.91 84.35 501.64 1.054
“Best. 2Second best.

bSecond best. PBest.
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Figure 6. The training losses of MLP, CNN, transformer, and RNN for the four datasets

(A) UT-HAR.
(B) Widar.

(C) NTU-Fi HAR.

(D) NTU-FI Human-ID.

multiple modalities and make decisions by choosing reliable
modalities.

Cross-modal learning

Cross-modal learning aims to supervise or reconstruct one
modality from another modality, which helps WiFi truly “see”
the environment and visualize it in other modalities. Wi2Vi®* man-
ages to generate video frames from CSI data by transferring
knowledge from video to WiFi. The human pose is then esti-
mated by supervising the model with the results of pose estima-
tion, such as OpenPose.95 In the future, cross-modal learning
may enable the WiFi model to learn from other supervision sour-
ces such as radar and Lidar.

Model robustness and security for trustworthy sensing
When deploying WiFi-sensing models in the real world, the
model should be secure to use. Adversarial attacks have
received attention in video-based human sensing.96 However,
existing WiFi-sensing works study the accuracy of models, but
few pay attention to the security issue. First, during communica-
tion, the sensing data may leak the privacy of users. Second, if
any adversarial attack is made on the CSI data, the model can
perform incorrectly and trigger the wrong actions of smart appli-
ances. SecureSense®® seeks to overcome adversarial attacks
through augmentation and adversarial training. EfficientFi*® pro-

poses a variational autoencoder to quantize the CSl for efficient
and robust communication. WiFi-ADG®” protects user privacy by
enforcing that the data are not recognizable by general classi-
fiers. More work should be focused on the safety of WiFi sensing
and trustworthy models for large-scale sensing, such as feder-
ated learning.

Complicated human activities and behaviors analytics
While current methods have shown good recognition accuracy
for single activities or gestures, human behavior is depicted by
more complicated activities. For example, to indicate if a patient
may have a risk of Alzheimer’s disease, the model should record
the routine and analyze the anomaly activity, which is still
difficult for existing approaches. Precise user behavior analysis
can contribute to daily healthcare monitoring and behavioral
economics.

Model interpretability for a physical explanation
Model-based and learning-based methods are developing
quickly, but in different ways. In WiFi sensing, there could be a
connection between the data-driven model and the physical
model based on model interpretability research, which may
inspire us to develop new theories of physical models for WiFi
sensing. In contrast, the existing model (e.g., Fresnel Zone)
may enable us to propose new learning methods based on
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Figure 7. The training losses of RNN-based models for the four datasets

(A) UT-HAR.

(B) Widar.

(C) NTU-Fi HAR.

(D) NTU-Fi Human-ID.

physical models. It is hoped that these two directions of methods
can be unified theoretically and practically.

Concluding remarks

Deep-learning methods have been shown to be effective for chal-
lenging applications in WiFi sensing, but these models exhibit
different characteristics on WiFi-sensing tasks, and a comprehen-
sive benchmark is highly needed. To this end, this work illustrates
the recent progress in deep learning for WiFi human sensing and
benchmarks current deep neural networks and deep-learning
strategies on WiFi CSI data across different platforms. We sum-
marize the conclusions drawn from the experimental observa-
tions, which provide valuable experiences for model design in
practical WiFi-sensing applications. Finally, we propose grand
challenges and future directions to address the research issues
emerging from future large-scale WiFi-sensing scenarios.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources and materials should be
directed to and will be fulfilled by the lead contact, Dr. Jianfei Yang
(yang0478@ntu.edu.sg).
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Materials availability

Allthe well-trained model weights in this benchmark have been deposited in an
online drive.

Data and code availability

e The codes generated during this study have been deposited in GitHub
and Zenodo, and a tutorial is provided to guide the users. Any additional
information required to reproduce this work is available on Github,
https://github.com/xyanchen/WiFi-CSI-Sensing-Benchmark. The Zen-
odo link is https://doi.org/10.5281/zenodo.7501869.

e The article analyzes existing public data and releases new data. All the
processed datasets and well-trained model parameters are available in
https://data.mendeley.com/datasets/dzvgyxkx2f/draft?a=9ff61de8-
9565-4543-8278-8072329a0a16.

Method details of deep models in benchmarks

In the following, we introduce these key architectures and how they are applied
to WiFi-sensing tasks. To better instantiate these networks, we first formulate
the normal WiFi CSI sensing task. The CSI data are defined as x e RNa*Ns*T
where N, denotes the number of antennas, Ns denotes the number of subcar-
riers, and T denotes the duration. The CSl| data of each pair of antennas are rela-
tively independent and are thus regarded as one channel of CSI, similar to the
RGB channels of image data. The deep-learning model f( -) aims to map the
data to the corresponding label: y = f(x), according to different tasks. We
denote ®;( -) and z; as the i-th layer of the deep model and the feature of the
i-th layer, respectively. After feature extraction, the classifier is trained to seek
a decision boundary in the feature space. In deep learning, the feature extractor
is the key module that reduces the feature dimension while preserving the
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manifold.** With a discriminative feature space, the choices of classifiers are
flexible and can be either deep classifiers (e.g., MLP) or traditional classifiers
(e.g., KNNs, SVM, and random forest). In addition to this illustration, we visualize
the intuition of how to feed these CSI data into various networks in Figure 3.
MLP

MLP’" is one of the most classic architectures and has played the role of clas-
sifier in most deep classification networks. It typically consists of multiple fully
connected layers followed by activation functions. The first layer is called the
input layer, which transforms the input data into the hidden latent space, and
after several hidden layers, the last layer maps the latent feature into the cat-
egorical space. Each layer is calculated as

(2 1) = o(Wiz; 1), (Equation 3)
where W; is the parameter of ®; and ¢( -) is the activation function that aims to
increase the non-linearity of the MLP. The input CSI has to be flattened to a
vector and then fed into the MLP such that x e R":7. This process mixes the
spatial and temporal dimensions and damages the intrinsic structure of the
CSl data. Despite this, the MLP can still work with a large amount of labeled
data because the MLP has a fully connected structure with a large number
of parameters. However, this leads to slow convergence and high computa-
tional costs. Therefore, although the MLP can achieve satisfactory perfor-
mance, it is not common to stack many layers in an MLP for feature learning,
which makes the MLP typically serve as a classifier. In WiFi sensing, MLP is
commonly used as a classifier.>"-3%37:50:52

CNN

CNN was first proposed for image recognition tasks by LeCun.”® It ad-
dresses the drawbacks of MLP through weight sharing and spatial pooling.

Table 6. Evaluations of traditional methods on UT-HAR

Method Accuracy (%)
Support vector machines 86.95%
K-nearest neighbors 84.04
Decision tree 64.56
Random forest 87.75°
Multinomial naive Bayes 33.94
Gaussian naive Bayes 46.39
Complement naive Bayes 30.62
Bernoulli naive Bayes 29.42

2Second best.
PBest.

CNN models have achieved remarkable performances in classification prob-
lems of 2D data in computer vision®®'°° and sequential data in speech recog-
nition'®" and natural language processing.'% CNN learns features by stacking
convolutional kernels and spatial pooling operations. The convolution opera-
tion refers to the dot product between a filter ke RY and an input vector
ve RY, defined as follows:

kov = o(k'v). (Equation 4)

The pooling operation is a down-sampling strategy that calculates the
maximum (max pooling) or mean (average pooling) inside a kernel. CNNs typi-
cally consist of several convolutional layers, max-pooling layers, and an MLP
classifier. In general, increasing the depth of CNNs can lead to better model
capacity. However, when the depth of CNN is too large (e.g., greater than 20
layers), the gradient vanishing problem leads to degrading performance.
This degradation is addressed by ResNet,” which uses residual connections
to reduce the difficulty of optimization.

In WiFi-sensing tasks, the convolution kernel can operate on a 2D patch
of CSl data (i.e., Conv1D) that includes a spatial-temporal feature or on a 1D
patch of each subcarrier of CSI data (i.e., Conv2D). For Conv2D, a 2D convo-
lution kernel kop € R"*" operates on all patches of the CSI data via the sliding
window strategy to obtain the output of the feature map, while Conv1D only
extracts the spatial feature along the subcarrier dimension. Conv2D can be
applied independently as it considers both spatial and temporal features, while
Conv1D is usually used with other temporal feature-learning methods. To
enhance the capacity of CNN, multiple convolution kernels with random initial-
ization are used. The advantages of CNNs for WiFi sensing include fewer
training parameters and the preservation of the subcarrier and time dimension
in CSl data. However, the disadvantage is that CNN has a small receptive field
due to the limited kernel size and thus fails to capture dependencies that
exceed the kernel size. Another drawback is that CNN stacks all the feature
maps of kernels equally, which has been revamped by an attention mechanism
that assigns different weights at the kernel or spatial level while stacking fea-
tures. For CSI data, due to the varying locations of human motions, the pat-
terns of different subcarriers should have different importance, which can be
depicted by spatial attention.®® More attention techniques have been success-
fully developed to extract temporal-, antenna-, and subcarrier-level features
for WiFi sensing.*10%104
RNN
RNN is one of the deepest network architectures that can memorize arbitrary-
length sequences of input patterns. The unique advantage of RNN is that it
enables multiple inputs and multiple outputs, making it very effective for
time sequence data, such as video'%> and CSI.>'°%"%7 |ts principle is to create
an internal memory to store historical patterns, which are trained via backpro-
pagation through time.”®
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(A) ResNet series.
(B) Other models.

For a CSl sample P, we denote a CSI frame at the t as x; € R"s. The vanilla
RNN uses two sharing matrices Wy, W}, to generate the hidden state h;:

he = a(Wxe + Whhe_q), (Equation 5)
where the activation function o( -) is usually tanh or sigmoid functions. RNN is
designed to capture temporal dynamics, but it suffers from the vanishing
gradient problem during backpropagation and thus cannot capture long-
term dependencies of CSI data.

Variants of RNN (LSTM)

To tackle the problem of long-term dependencies of RNN, LSTM'% is pro-
posed by designing several gates with varying purposes and mitigating the
gradient instability during training. The standard LSTM sequentially updates
a hidden sequence by a memory cell that contains four states: a memory state

Table 7. Evaluations of more deep models using supervised
learning

Dataset NTU-Fi Human-ID Widar

Acc Flops Params Acc Flops Params
Method (%) M) M) (%) M) M)
MLP 93.91 17524 175.240 67.24 9.15 9.150
CNN-5 97.14 28.24% 0.478 70.19 3.38 0.299
AlexNet 95.92 736.25 57.060 68.74 64.70 23.350
VGG16 95.61 15.52k 134.320 66.10 317.09 14.740
VGG19 93.32 19.69k 139.630 63.67 402.13 20.050
EfficientNet 93.95 422.44 4.030 71.14% 34.08 3.610
GooglLeNet 96.13 1.54k  9.970 64.31 1.54k 6.180
ResNet18 96.42 5419 11.190 73.49° 38.39 11.250
ResNet50 93.21 90.67 23,570 69.40 69.70 23.640
ResNet101 92.89 166.85 42.590 67.59 145.87 42.660
RNN 89.77 13.09° 0.027° 46.77 0.66° 0.031°
GRU 98.96° 39.39 0.079 62.50 1.98" 0.091%
LSTM 97.17 5254 0.105 63.35 2.64 0.121
BIiLSTM 99.38° 105.09 0.210 63.43 5.28 0.240
CNN + GRU 90.82 48.39 0.058° 61.21 3.34 0.092
ViT 78.27 501.64 1.054 64.85 9.28 0.106
#Second best.
PBest.
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¢, an output gate o; that controls the effect of output, an input gate i, and a
forget gate f; that decides what to preserve and forget in the memory. The
LSTM is parameterized by weight matrices W;, Ws, W, W, U;, U, U, U, and
biases b',b" b°,b°, and the whole update is performed at each te {1,...,T}:

iy = o(Wixe + Uhe_q + b'), (Equation 6)

fo = a(Wixe + Ushe_1 + b7), (Equation 7)

¢ = tanh(Wex; + Ushy 1 + b°), (Equation 8)

¢t = iiOC+fOct 1, (Equation 9)

or = a(Woxy + Uohy 1 + b°), and (Equation 10)

hy = o;Otanh(cy), (Equation 11)
where ¢ is a sigmoid function.

In addition to the LSTM cell,'°>~""" the use of a multilayer and bidirectional
structure can further increase the model’s capacity. The BiLSTM model pro-
cesses the sequence in two directions and concatenates the features of the
forward input x and backward input X. It has been demonstrated that
BILSTM performs better than LSTM in Chen et al.°" and Kadir et al.""?
Recurrent CNN
While LSTM addresses long-term dependencies, it can lead to a large computa-
tion overhead. To address this issue, the GRU was introduced. GRU combines
the forget and input gates into one gate and does not use the memory state pre-
sent in LSTM, simplifying the model while still being able to capture long-term
dependencies. GRU is considered a simple yet effective version of LSTM. By us-
ing a simple recurrent network, we can integrate ConviD and GRU to extract
spatial and temporal features, respectively. Studies in Dua et al.""® and Chen
et al.'™ have shown that a CNN + GRU model is effective for HAR. In WiFi
sensing, DeepSense” was the first to propose using Conv2D with LSTM for
HAR. CNN + GRU has also been used for CSl-based human gesture recognition
in Widar.®” SiaNet® further proposed using Conv1D with BiLSTM for few-shot
gesture recognition. As these models perform similarly, we use the CNN +
GRU model with fewer parameters as a benchmark in this article.
Transformers
Transformer’* was initially proposed for natural language processing (NLP) ap-
plications to extract sequence embeddings using attention between words
and was later extended to the computer vision field where each patch is
treated as a word and an image is composed of multiple patches."'® The
vanilla transformer consists of an encoder and a decoder used for machine
translation, but we only need the encoder. The transformer block consists of
a multihead attention layer, a feedforward neural network (MLP), and layer
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(A) Training using Adam.
(B) Training using SGD.

normalization. Since MLP was explained in the previous section, we will mainly
introduce the attention mechanism in this section. For a CSI sample P, we
divide it into P patches x, e R"™", of which each patch has contained
spatial-temporal features. Then, these patches are concatenated and added
by positional embeddings that infer the spatial position of patches, which
makes the input matrix e R% , where d, = P x hw. This matrix is transformed
into three different matrices via linear embedding: the query Q, the key K, and
the value V. The self-attention process is calculated by

Attention(Q, K, V) = softmax (Q K (Equation 12)

KT
)
Intuitively, this process calculates the attention between any two patches
using the dot product (i.e., cosine similarity) and then normalizes the weights
to improve gradient stability during training. Multihead attention simply repeats
the self-attention process several times to increase the diversity of attention.
The transformer architecture can connect with every patch of CSI, making it
strong when given sufficient training data, such as in Li et al.°” However, the
transformer has a large number of parameters that can make training expen-
sive, and it is difficult to collect large amounts of labeled CSI data, making it
less attractive for supervised learning.
Generative models
Unlike the aforementioned discriminative models that primarily conduct clas-
sification, generative models aim to capture the distribution of CSI data.
Generative adversarial network (GAN)''® is a classic generative model that
learns to generate data that appears real through an adversarial game be-
tween a generative network and a discriminator network. In WiFi sensing,
GAN can help deal with environmental dependency by generating labeled
samples in the new environment from based on a well-trained model in a
different environment.>>** GAN has also inspired domain-adversarial
training, which enables deep models to learn domain-invariant representa-
tions for both the training and real-world testing environments.?”""""~""9 vari-
ational network'?° is another common generative model that maps the input

variable to a multivariate latent distribution. Variational autoencoder (VAE)
learns the data distribution by a stochastic variational inference and learning
algorithm'®° and has been used in CSl-based localization'*""'**> and CSI
compression.*® For instance, EfficientFi®® leverages a quantized variational
model to compress the CSI transmission data for large-scale WiFi sensing
in the future.

Datasets

We use two public CSI datasets (UT-HAR®® and Widar®’) collected using Intel
5300 NICs and two new datasets (NTU-Fi HAR and NTU-Fi Human-ID)
collected using Atheros CSl Tool®® and our embedded Internet of Things
(IoT) system?® to validate the effectiveness of deep-learning models on CSI
data from different platforms. The statistics of these datasets are summarized
in Table 2.

UT-HAR®® is a public CSI dataset for HAR that consists of seven categories.
It was collected using an Intel 5300 NIC with three pairs of antennas that record
30 subcarriers per pair. All the data were collected in the same environment,
but they were collected continuously and do not have golden labels for activity
segmentation. Following existing works,®” the data were segmented using a
sliding window, which inevitably leads to many repeated data among samples.
Although the total number of samples reaches around 5,000, it is a small data-
set with intrinsic limitations.

Widar®” is the largest WiFi-sensing dataset for gesture recognition,
consisting of 22 categories and 43,000 samples. It was collected using an In-
tel 5300 NIC with a 3x3 array of antenna pairs in many distinct environments.
To eliminate environmental dependencies, the data were processed into
the BVP.

NTU-Fi is our proposed dataset for this benchmark, including both HAR and
Human-ID tasks. Different from UT-HAR and Widar, our dataset was collected
using the Atheros CSI Tool and has a higher resolution of subcarriers (114 per
pair of antennas). Each CS| sample is segmented by a threshold and a specific
time duration to ensure that the entire activity is included. For the HAR dataset,

Table 8. Optimizer and hyperparameters of the experiments

Training stage Batch size Optimizer Ir weight_decay
Supervised learning - 64 SGD 1e—03 0

= 64 Adam 1e—03 0
Unsupervised learning self-supervised training 64 AdamW 1e—03 1.5e—06

supervised training 64 Adam 1e—-03 1e-05
Transfer learning encoder training 64 Adam 1e-03 0

classification header training 64 Adam 1e—-03 0
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Figure 11. The network architectures used in UT-HAR experiments

we collected data in three different layouts. For the Human-ID dataset, we
collected human walking gaits in three situations: wearing a t-shirt, a coat,
or a backpack, which presents many challenges. The NTU-Fi data were
collected simultaneously in Wang et al.’? and Yang et al.>* which provide

detailed descriptions of the data collection layouts.
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Figure 13. The network architectures used in NTU-Fi Human-ID experiments

converge due to the gradient vanishing, we train it for more epochs. We use the
Adam optimizer with a learning rate of 0.001 and betas of 0.9 and 0.999, as rec-
ommended in the original Adam paper.®' The ratio of training and testing splits
is 8:2 for all datasets, using stratified sampling. We present all the hyperpara-
meters in Table 8. The results reported in the benchmark are all obtained using
the benchmark codes, and the accuracy is the mean value of three indepen-

dent runs with random seeds.

Feature Extractor

Feature Extractor

Feature Extractor

Feature Extractor

Baselines and criterion

As baselines, we design the MLP, CNN, RNN, GRU, LSTM, BiLSTM, CNN +
GRU, and transformer networks based on experiences from existing works
(in Table 1). The CNN-5 is modified from LeNet-5,”® and we also introduce a
series of ResNets’? with deeper layers. The transformer network is based on
the ViT'"® and allows each patch to contain spatial and temporal dimensions.
It is found that, given sufficient parameters and reasonable depth of layers,
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Figure 14. The network architectures used in Widar experiments
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these networks can converge to more than 98% accuracy on the training split.
Since the data sizes of UT-HAR, Widar, and NTU-Fi are different, we use a con-
volutional layer to map them to a unified size, enabling us to use the same
network architecture for all datasets. The specific network architectures for
all models are illustrated in Figures 11, 12, 13, and 14. The hyperparameters
of the networks have been tuned to ensure satisfactory convergence, i.e.,
over 98% training accuracy. To compare the baseline models, we use three
criteria: accuracy (Acc), which evaluates the prediction ability; Flops, which
evaluates the computational complexity; and the number of parameters (Par-
ams), which measures the requirement for GPU memory. In WiFi sensing,
which is usually performed on edge devices, Flops and Params also matter
due to limited resources. Achieving good accuracy with fewer Flops and Par-
ams represents a good trade-off between accuracy and efficiency.
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