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Abstract. WiFi-based human sensing has exhibited remarkable poten-
tial to analyze user behaviors in a non-intrusive and device-free man-
ner, benefiting applications as diverse as smart homes and healthcare.
However, most previous works focus on single-user sensing, which has
limited practicability in scenarios involving multiple users. Although re-
cent studies have begun to investigate WiFi-based multi-user sensing,
there remains a lack of benchmark datasets to facilitate reproducible
and comparable research. To bridge this gap, we present WiMANS, to
our knowledge, the first dataset for multi-user sensing based on WiFi.
WiMANS contains over 9.4 hours of dual-band WiFi Channel State In-
formation (CSI), as well as synchronized videos, monitoring the simulta-
neous activities of multiple users. We exploit WiMANS to benchmark the
performance of state-of-the-art WiFi-based human sensing models and
video-based models, posing new challenges and opportunities for future
work. We believe WiMANS can push the boundaries of current studies
and catalyze the research on WiFi-based multi-user sensing.
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1 Introduction

Recent years have witnessed the rapid progress of WiFi-based human sensing
|625L/48], which collects Channel State Information (CSI) from off-the-shelf WiFi
devices to recognize human identities [55}/68,[75], locations [9,/12}/45], activities
[7420,33], etc. It plays an increasingly important role in differing applications such
as security monitoring [36,50183|, smart homes [10,27], and healthcare [16443,71].
Compared with cameras and on-body sensors, the use of WiFi CSI negates the
necessity of filming users or attaching sensors to them [42]. Such non-intrusive
approaches can make human sensing widely available [81], satisfying the need to
monitor users who do not want to be filmed or wear sensors. WiFi-based human
sensing is also robust to low-light or non-line-of-sight conditions, while using
cameras for video-based analysis may be sensitive to low-light conditions and
obstacles [32]. More importantly, CSI can be gathered from ubiquitous existing
WiFi devices, enabling device-free human sensing [28] without the prerequisite
of dedicated devices and particular deployments.
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Table 1: Comparison of public WiFi-based human sensing datasets. WiMANS is the
first dataset that involves multiple users performing different /identical activities simul-
taneously in each sample. “Idt.”: Identity. “Loc.”: Location. “Act.”: Activity.

Dataset # of Users # of # of # of Sample WiFi Band Video Annotations

per Sample Samples Activities Channels Rate (Hz) (GHz) Data Idt. Loc. Act.
Yousefi et al. [72] 1 557 7 90 1000 5 - - v
SignFi 38| 1 14280 276 90 12.5~200 5 - - - v
FallDeF1 |43| 1 1070 19 90 1000 5 - - v
WiAR [21] 1 4161 16 90 30 5 - v - v
ARIL [56] 1 1394 6 52 - - - - v v
Brinke et al. [4] 1 3749 6 270 20 2.4 - v - v
RF-NET |11] 1 12000 6 60 100 - - - v
Baha et _al. 2| 1 9000 12 90 320 2.4 - v v
CSIDA [26] 1 2844 [ 342 1000 5 - 's s 's
NTU-Fi_|66] 1 2040 6 342 500 5 - v - v
CPAR [65] 1 560 7 64 1000 2.4 - v - v
Widar [44] 1 54 2 90 2000 5 - - v v
Widar 2.0 [45] 1 24 2 90 1000 5 - - v v
Widar 3.0 |76] 1 271050 22 90 1000 5 - v v v
Yang et al. |70] 1 1050 8 920 30 5 - v v v
Moshiri et al. [14] 1 420 7 52 200 5 - v - v
OPERAnet [3] 0~1 6235 6 540 1600 5 - 's v
MM-Fi [69] 1 1080 27 342 1000 5 v 's v
SHARPax 39| 0~1 108 3 242~996 133 5 - - - 's
WiMANS (Ours) 0~5 11286 9 270 1000 2.4/5 v v v v

The principle of WiFi-based human sensing is that human activities essen-
tially interfere with WiFi signals and lead to signal variations [61]. Such vari-
ations are recorded in CSI, which thereby contains implicit features for hu-
man sensing. Since these human features typically intertwine with excessive
noise [60], it is impossible to interpret WiFi CSI patterns for human sensing
straightforwardly. Therefore, various models have been proposed to learn fea-
tures from the CSI for different human sensing tasks. (1) For human identi-
fication, extensive literature has discussed the use of Multilayer Perceptrons
(MLPs) [66], Long Short-Term Memory (LSTM) [8|, Convolutional Neural Net-
works (CNNs) [55/67,68], CNN-LSTM hybrids [32}/40}75], ete. (2) For human
localization, prevalent models have been adopted, including Naive Bayes [62],
Auto-encoders [15], LSTM [9], and CNNs [57]. (3) WiFi-based human activity
recognition (HAR) has drawn the greatest attention from researchers, apply-
ing models such as MLPs [73], LSTM [72|, CNNs [41}/74,/77], CNN-LSTM hy-
brids [22[471/84], Generative Adversarial Networks (GANSs) [54], attention-based
bidirectional LSTM (ABLSTM) [7], and Transformers [33},80].

However, several critical drawbacks seriously hamper the practicability of
WiFi-based human sensing. (1) Single-user Limitation: Existing public datasets
only include a single user in each CSI sample, as shown in Table[I] Consequently,
most WiFi-based models only recognize the identity /location/activity of a single
user in each recognition, but many practical scenarios indeed consist of multiple
users simultaneously. Although recent studies [12,[241|31}/58] have attempted to
sense multiple users simultaneously, there remains a lack of public datasets
that enable WiFi-based multi-user sensing. (2) Insufficient Modalities and
Annotations: Most datasets collect CSI of a single WiFi band (i.e., 2.4 or 5 GHz)
and do not incorporate synchronized videos. Such insufficiency disables the fur-
ther study of unexplored tasks (e.g., pose estimation). Moreover, many datasets
annotate samples for specific tasks (e.g., activity recognition), restricting the use
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Fig. 1: Examples of WiFi CSI and videos in WiMANS, monitoring simultaneous ac-
tivities performed by multiple users in various environments. (a) consists of 3 users in
a classroom. (b) contains 4 users in a meeting room. (c) has 5 users in an empty room.

of WiFi CSI in diverse sensing tasks. (3) Lack of Comprehensive Benchmarks:
Previous works mainly focus on novel models but few of them have provided
benchmarks for these models. Specifically, no benchmark is available for multi-
user activity sensing based on WiFi CSI.

To help resolve the above drawbacks, we present WiMANS, the first dataset
that enables multi-user sensing based on WiFi CSI. WiMANS collects 11286 CSI
samples of dual WiFi bands (2.4 / 5 GHz), along with synchronized videos for ref-
erence, as shown in Fig. [T} Each 3-second sample includes 0 to 5 users performing
identical /different activities simultaneously, annotated with (anonymized) user
identities, locations, and activities. Table [I] compares WiMANS with related
datasets to highlight our novelty. Extensive experiments have been conducted
to benchmark state-of-the-art WiFi-based models and video-based models. The
main contributions and unique aspects of WiMANS are as follows:

e We construct a WiFi-based multi-user activity sensing dataset, where each
sample monitors simultaneous activities of multiple users. To the best of our
knowledge, WiMANS is the first dataset that collects dual-band WiFi CSI
and videos for multiple users in each sample.

e WiMANS provides fine-grained annotations of user identities, locations, and
activities to support various sensing tasks. The videos in WiMANS can fur-
ther act as a reference for unexplored tasks (e.g., multi-user pose estimation).

e Benchmark experiments have been conducted to analyze the multi-user sens-
ing performance of WiFi-based models and video-based models. This work
provides the first benchmarks for WiFi-based multi-user identification, lo-
calization, and activity recognition.
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2 Related Work

2.1 WiFi-based Human Sensing

Human sensing with WiFi CSI is an increasingly promising alternative to tra-
ditional sensing technologies thanks to its non-intrusiveness, environmental ro-
bustness, and device-free merits. In WiFi-based human sensing, much effort has
been devoted to three underlying yet distinct tasks: (1) human identification,
(2) human localization, and (3) human activity recognition (HAR).

WiFi-based human identification serves to determine user identities by learn-
ing biometric patterns from CSI. To map CSI to identities, MLPs |66] simply
feed all CSI values into fully connected layers, where excessive parameters lead
to high complexity and poor generalization. In contrast, LSTM 8| regards CSI
as sequences to learn temporal features. Despite its advanced performance com-
pared to MLPs, LSTM is inefficient for lengthy sequences due to its step-by-step
inputs. To boost both effectiveness and efficiency, CNNs [55,|67},/68] have been
utilized by dividing the CSI into diverse receptive fields to learn spatial features
with convolution filters. To combine the advantages of CNN and LSTM, recent
works [32,/40,75] have proposed various CNN-LSTM hybrids, attaining the best
performance for WiFi-based human identification.

WiFi-based human localization estimates user locations to support human-
computer interaction systems [48]. Initially, Naive Bayes [62]|, a basic statis-
tic model, has been leveraged for localization, showing acceptable performance.
Thereafter, Sparse Auto-encoder (SAE) [15] has been used to localize users based
on CSI images, but its fully connected layers still lead to excessive parameters.
LSTM [9] and CNNs [57] have been further explored for localization, where
CNN-1D [57] shows its superior capability for WiFi-based human localization.

WiFi-based HAR is gaining popularity for user behavior analysis, which is of
finer granularity than identification and localization. Initial methods 72| based
on handcrafted feature extraction have demonstrated inadequate ability to ex-
tract implicit features from CSI. Thereby, LSTM |[72] and CNNs [41}|74,/77|
have been extensively adopted and offer valuable insights on learning tempo-
ral and spatial features. CNN-LSTM hybrids [22,/47,/84] further leverage the
advantages of CNNs and LSTM to become predominant models for HAR. To
tackle dynamic environments, GANs [54] have been used to augment CNNs with
adversarial learning. Attention-based models [52] also contribute to HAR [80],
such as ABLSTM [7] which equips bidirectional LSTM with attention layers
to enhance HAR performance. Recently, a two-stream convolution augmented
transformer (THAT) |33] has further integrated attention layers with multi-scale
CNNs, achieving state-of-the-art performance for WiFi-based HAR.

However, all the above methods carry out single-user sensing only, while
multi-user sensing based on WiFi CSI is more practical yet challenging. Mul-
tiple users in an environment may occlude each other, challenging the reso-
lution of models. The mutual interference between users also requires mod-
els to disentangle the features of different users for effective sensing. Recent
works [12}24131,/49,/531[58] have attempted to tackle these challenges and sense
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multiple users simultaneously, but they have not published their datasets and
have not provided any benchmark. Such an obvious need motivates WiMANS
as the first benchmark dataset that involves multiple users in each CSI sample.

2.2 Datasets for WiFi-based Human Sensing

High-quality annotated CSI datasets are essential for advancing WiFi-based hu-
man sensing research. Table [I] summarizes existing CSI datasets in comparison
to WiMANS. At the beginning, Yousefi et al. [72] collected a dataset in an office
for WiFi-based HAR, after which various CSI datasets were released for HAR
in different environments [4}|14}[21,|70]. Baha et al. |2| further constructed a
dataset under line-of-sight and non-line-of-sight conditions. Some datasets were
presented for specific tasks, such as SignFi [38] for sign language recognition,
FallDeF1i [43] for fall detection, and ARIL [56] for activity recognition and local-
ization. For human tracking, Widar [44] and Widar 2.0 [45] were gathered and
annotated with user walking traces. Some datasets contain changing scenarios,
such as CPAR [65] for different users and RF-NET [11] for varying environments.
Similarly, CSIDA [26] and Widar 3.0 [76] incorporate CSI of various domains
(i.e., locations, orientations, environments, and users). OPERAnet [3], a multi-
modal dataset, includes WiFi CSI as well as data from Passive WiFi Radar
(PWR), Ultra-Wideband (UWB), and Kinect skeleton sensors. MM-Fi [69] is
also a multi-modal dataset, containing WiFi CSI, video frames, depth frames,
LiDAR point cloud, and mmWave radar point cloud. For benchmarking, Yang
et al. |66] collected the NTU-Fi dataset to compare WiFi-based human sensing
models in terms of their performance, sizes, complexity, etc. To analyze the im-
pact of wireless parameters (e.g., bandwidth), Meneghello et al. [39] constructed
the SHARPax dataset to explore WiFi-based HAR under varying settings.
Despite these datasets, none of them enables simultaneous multi-user sensing,
which is crucial for practical WiFi-based human sensing advancement, since
real-life scenarios typically involve multiple users simultaneously. To bridge this
gap, we propose WiIMANS, the first dataset for WiFi-based multi-user activity
sensing, hoping to facilitate the next generation of human sensing based on WiFi.

3 WiMANS

WiIiMANS aims to gather WiFi CSI samples which monitor simultaneous ac-
tivities of multiple users. Each CSI sample contains 0 to 5 users performing
identical /different activities at the same time, as shown in Fig. 1} Fine-grained
annotations are provided for all samples, including user identities, locations,
and activities. Ultimately, WiIMANS collects 11286 samples (over 9.4 hours) of
dual-band WiFi CSI and synchronized videos.

3.1 Dataset Construction

Hardware Setup. WiFi CSI monitors the variations of wireless signals by which
a transmitter propagates packets to a receiver. To collect WiFi CSI, we deploy
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two off-the-shelf computers (HP EliteDesk 800 G2 TWR) to serve as the trans-
mitter and receiver. Each device is equipped with an Intel 5300 Network Interface
Card and has the Linux 802.11n CSI tool 23] installed, following the previous
works [31[72,/76]. We set these devices to work in the monitor mode, enabling us
to control the start and the end of each CSI sample. To exert the advantages of
different WiFi bands, we collect dual-band WiFi CSI by setting devices to work
on channel 12 for the 2.4 GHz band, and on channel 64 for the 5 GHz band.
Meanwhile, we use a monitor camera to capture synchronized videos.

Data Collection. We employ the transmitter and receiver to collect a CSI
sample in 3 steps: (1) The receiver listens to a WiFi channel and logs the CSI from
all packets it receives; (2) The transmitter sends packets to the WiFi channel,
and the users simultaneously perform designated activities; (3) The receiver
stops logging and listening. Following the previous works [3},[76], we instruct
users to perform activities in 3 seconds and thereby control the transmitter to
send 3000 packets at a rate of 1000 packets per second. Regardless of packet
loss, each 3-second CSI sample should have 3000 time steps under the sample
rate of 1000 Hz. We will further analyze the issue of packet loss in Section [3.2
The transmitter and receiver individually have 3 antennas, and each pair of
antennas uses 30 subcarriers for wireless communication. Thus, the dimension
of CSI at each time step is 3x3x30, and the dimension of each CSI sample
is 3000x3x3x30. Along with each CSI sample, we also capture synchronized
videos with a monitor camera for reference and unexplored tasks (e.g., multi-
user pose estimation). Each 3-second video has 90 frames under the frame rate
of 30 Hz, with 3 RGB channels and the frame resolution of 1920x1080. Hence,
the dimension of each video sample is 90x3x1920x 1080.

Data Synchronization. During data collection, WiFi CSI is collected sample
by sample, while long videos are recorded at the same time. Afterward, we syn-
chronize WiFi CSI and videos by segmenting long videos into 3-second samples
based on timestamps. Because the frame rate of videos is 30 Hz while the sample
rate of CSI is 1000 Hz, we can synchronize WiFi CSI and video samples in 16.67
ms, which is unavoidable and tolerable for 3-second samples.

Data Attributes. WiMANS includes 9 activities which are representative in
daily life, as discussed in the previous works [3,/72,[76]. These activities are: (1)
Nothing, (2) Walking, (3) Rotation, (4) Jumping, (5) Waving, (6) Lying Down,
(7) Picking Up, (8) Sitting Down, (9) Standing Up. To build up a comprehensive
dataset, we collect data in 3 daily environments: (1) Classroom, (2) Meeting
Room, (3) Empty Room. In each environment, we specify 5 locations and mark
them as A, B, C, D, and E. Fig. [2| describes the layouts of three environments
and the interior locations. We recruit 6 volunteers to act as users, including 3
females and 3 males, with an average age of 27.33 + 0.94, height of 169.00 £+
6.83 cm, weight of 61.17 £+ 10.04 kg, and Body Mass Index (BMI) of 21.25 +
1.78. These users are assigned with identity labels (e.g., User 1, User 2, ...) to
protect their privacy and to support human identification. Regarding the human
subject study, we have obtained an approval from institutional ethics committee
(IRB) in advance and will provide an ethics statement in Section
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Fig. 2: Layouts of environments in WiMANS, where a transmitter and a receiver collect
WiFi CSI, and a monitor camera captures synchronized videos for reference.

Collection Setup. We control the collection of each 3-second sample in three
dimensions: (1) users, (2) locations, (3) activities. For the user dimension, we
organize volunteers into user groups, where each group includes fixed users. For
the location and activity dimensions, we devise simultaneous scripts for users in
each group, so that they know where to stay and what to do independently yet
simultaneously. User groups and simultaneous scripts are described as follows.
User Groups. We collect samples by user groups, where each group corresponds
to a specific number of users and environment. For example, Fig. shows a
sample in the 30th user group, where 3 users (User 1, 5, and 6) are in the
classroom. Specifically, there are 6 groups for 0 user, 36 groups for 1 user, 18
groups for 2 users, 18 groups for 3 users, 18 groups for 4 users, and 18 groups for 5
users. On the other hand, there are 38 groups for each environment. Each group
contains 99 samples, and we totally obtain 11286 samples for 114 user groups
in WIMANS. In each user group, we design simultaneous scripts for users to
perform activities.

Simultaneous Scripts. In each group, we allocate scripts to fixed users, in-
structing them to perform activities at different locations independently yet
simultaneously. To this end, we devise a script set {a, 3, 8, v, A}, as shown in
Fig.|3] Each script has 99 indexes, and each index corresponds to an activity at
a location. Once we announce an index, users with different scripts realize where
to stay and what to do. For example, in Fig. after we announce the index
25, User 1 with a performs Picking Up, User 5 with A performs Walking, and
User 6 with 8 performs Sitting Down. Note that the scripts are put away before
activities to minimize their impacts on data collection. Between the collection
of each two samples, we first stop the collection of previous sample and then



8 S. Huang et al.

Index 1 9 18 27 36 45 54 63 72 81 90 99
o Activity IINERA 7 NERNAS © MENNAS C NWANO C NEANAS C WEANASCCNEANO O NNANRO CONEAERC C NEAEEO O ONEADR
Location A B CIUETDINE. A B CUETDINNE. A

p Activiy NEEREC NNNRNY [ NNRNNC O NRNERY C NAEENCCONWNENC O NNNRENC C NNNNNC O NRNERD C NNRERCCCERER
B c DIV EEEN A B C IIDITEEEEN A B

Location

g Activity NERD © NENNRO © NNNANY © NEANNY O NNANNC C NANNNNC C NNANNCC NNNENY O NENENYC NEANRCCC NREDR
CUURTDETE A B COUITDENmE. A B c

Location

Activity [0 " MENNRS O WNNANACNANNRCCC NUNANCC NNONANND C NRNNRC O WWNENGCCNNANRECCCNNNERNGC O ERENR
PEDENEE A B c DI EEEE A B ¢ [

7 Location

4 Activity W0 NENENS © NNNNNQ© NENENCC NNNARO (0 NESNAENC © NNNANC ( NENNARO O NESERD C NEARNC C EEEEER
E A B cC IEohlEEEEN - B c D [ EWN

Location

I Nothing ll Walking l Rotation NJumping I Waving Lying Down  Picking Up Sitting Down  Standing Up

Fig. 3: Scripts that instruct users to perform identical/different activities at varying
locations independently yet simultaneously.

announce a new index to users, after which we start the collection of next sam-
ple. Therefore, we can ensure the purity of each sample, not containing nearby
activities. More details of activities, users, user groups, and simultaneous scripts
are provided in Appendix A.

Data Annotation. Since we apply the aforementioned scripts to instruct user
activities, we have actually created data annotations before collection. We label
each sample as “act _<group> <sample>”, where “<group>" is the user group
index, and “<sample>" is the sample index. For example, Fig. shows the
sample labeled as “act 30 25", manifesting that it is the 25th sample of the
30th user group. We associate each label with the environment, WiFi band,
number of users, identities, locations, and activities, to enable different sensing
tasks. Note that the videos share the same labels with CSI and thereby can act
as references to support unexplored tasks (e.g., multi-user pose estimation).

3.2 Dataset Statistics

Data Distribution. WiMANS incorporates varying numbers of users in 11286
samples. 594 samples (5.3%) contain 0 user; 3564 samples (31.6%) contain 1
user; 7128 (63.2%) samples contain multiple users. Among the multi-user sam-
ples, there are 1782 (15.8%) samples for 2 users, 1782 (15.8%) samples for 3
users, 1782 (15.8%) samples for 4 users, and 1782 (15.8%) samples for 5 users.
Fig. [ presents the statistics of WiMANS. There are 4752 samples for each user,
5778~5886 samples for each location, and 3168 samples for each activity, em-
powering models to learn representative features for different sensing tasks. Note
that the sum of identities/locations/activities is not equal to the total sample
number (11286), since each multi-user sample involves more than one identity,
location, and activity.

Packet Loss. Ideally, each CSI sample consists of 3000 time steps, as mentioned
in Section [3.I] However, packet loss inevitably exists in wireless communication,
leading to missing time steps in CSI samples. The average packet loss rates are
4.52% and 2.31% for the 2.4 GHz band and the 5 GHz band, respectively. On
average, 2.4 GHz samples have 2864.39 time steps, while 5 GHz samples have
2930.72 time steps. 2.4 GHz band suffers from more severe packet loss because it
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Fig. 4: Statistics of WIMANS regarding the distributions of user identities, locations,
activities, and numbers of users per sample. In each distribution, all categories have
almost equivalent proportions to construct WiMANS as a relatively balanced dataset.

is more commonly used and more crowded than 5 GHz band, affected by more
environmental noise [61}[70]. Thus, most existing works only apply the 5
GHz band for WiFi-based human sensing. However, compared to 5 GHz signals,
2.4 GHz signals can theoretically cover a larger area using longer wavelength to
better penetrate and/or bypass obstacles. This inspires us to study dual-band
augmented human sensing in the future, since WiMANS has gathered CSI of
both 2.4 GHz and 5 GHz WiFi bands.

4 Experiments

This section utilizes WiMANS to benchmark the multi-user sensing performance
of state-of-the-art WiFi-based and video-based models, with respect to human
identification, localization, and activity recognition (HAR). We also compare
these models in terms of model complexity and time efficiency.

4.1 Baselines

WiFi-based models. We evaluate 8 WiFi-based models on WiMANS, in-
cluding Random Forest based on Short-time Fourier Transform (ST-RF) [72],
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MLP [66], LSTM |72|, CNN-1D [57], CNN-2D [41], CLSTM [40], ABLSTM |7],
and THAT |[33]. Particularly, CLSTM [40] is a hybrid of CNNs and LSTM, out-
performing other models in WiFi-based identification. For WiFi-based localiza-
tion, CNN-1D [57] has demonstrated the best performance by learning human
features along the temporal dimension. THAT [33] equips two-stream Trans-
former encoders [52] with multi-scale convolutions and achieves state-of-the-art
performance in WiFi-based HAR.

Video-based models. We apply 6 state-of-the-art video classification models
for comparison, including ResNet [51], S3D [63], MViT-v1 [13], MViT-v2 [35],
Swin-T [37], and Swin-S [37]. These models have demonstrated state-of-the-art
performance in generic video classification.

4.2 Evaluation Metrics

We employ accuracy to measure the recognition performance of multi-user sens-
ing, following the previous works [7,/33}(72]. Note that each multi-user sample in-
cludes multiple identity /location/activity labels corresponding to different users,
respectively. For example, Fig. [la]shows a sample involving three identities: User
1, User 5, and User 6. Therefore, we measure the accuracy of recognizing these la-
bels in each sensing task, rather than calculating the accuracy of classifying each
sample. To evaluate model complexity and time efficiency, we adopt the number
of parameters, floating point operations (FLOPs), and recognition throughput
as metrics, following the previous works [331[66].

4.3 Implementation Details

Data Preprocessing. We analyze model performance in different environments
and accordingly split WiMANS into 3 subsets. Each subset is randomly split into
a training set (80%) and a test set (20%) for evaluation. Following the previous
works [7}331/72], we calculate and utilize the amplitudes of CSI for the evaluation
of WiFi-based models. Inputs of all models are resized following the original
papers (e.g., 90x3x112x112 for ResNet [51]).

Hyperparameters. (1) For WiFi-based models, we leverage publicly accessi-
ble implementations as much as possible. Specifically, we initialize WiFi-based
models with Xavier [18] and use a fixed learning rate of 1072 to train them for
200 epochs with the batch size of 128. (2) For video-based models, we utilize
the implementations provided by PyTorch and initialize them with the weights
pre-trained by Kinetics-400 |5]. All video-based models are trained for 20 epochs
with a fixed learning rate of 10™* and the batch size of 8.

Evaluation. To recognize multiple labels, we connect each model to a linear
layer followed by a sigmoid function for multi-label classification, using a fixed
threshold of 0.5 to determine identities, locations, and activities. Both WiFi-
based and video-based models are optimized by Adam [30] on a single Nvidia
RTX A5000 GPU. We repeat each experiment 10 times with random seeds and
report the means and standard deviations of results. More implementation de-
tails are provided in Appendix C.
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Table 2: Recognition performance of WiFi-based models on WiMANS in terms of
accuracy (%). Models show desirable performance for multi-user identification and
localization, while there is still vast room for improvement in activity recognition.

Classroom Meeting Room Empty Room

Model
Identity Location Activity Identity Location Activity Identity Location Activity

2.4 GHz

66.31+1.33 62.9+0.36 56.84+0.14 79.0£1.32 65.74+0.55 56.84+0.09 71.0+£2.20 61.5+0.54 56.7+0.09
65.74+0.91 60.5+0.47 57.6+0.13 75.940.62 64.24+0.47 57.8+£0.16 75.3+0.59 58.84+0.26 57.0+0.12
80.7+1.43 66.94+1.09 59.2+0.42 89.5+1.11 71.74+0.88 59.0+0.33 86.7+0.99 67.8+0.65 57.74+0.54
84.84+0.80 73.2+0.22 59.64+0.24 92.9+0.26 77.24+0.19 58.5+0.11 88.1+0.46 74.5+0.31 58.01+0.17
90.04+0.66 77.04+0.37 59.5+0.15 96.4+0.81 82.14+0.40 59.0£0.12 91.1+0.82 79.1+0.52 58.24+0.26
90.240.70 73.0+£0.68 61.84+0.55 94.64+0.49 77.44+0.75 60.9+£0.39 92.8+0.27 71.84+0.95 61.0+£0.40
88.84+1.36 76.6+0.42 61.64+0.50 94.8+0.55 77.71+0.61 60.9+£0.27 90.9+0.54 76.04£0.55 59.7+0.15
90.74+0.51 78.8+0.74 61.0£0.32 94.8+0.59 82.21+0.84 60.1+0.28 93.9+0.88 80.8+1.11 59.7+0.29

5 GHz

89.44+1.08 62.74+0.57 57.3+0.08 95.1+0.83 67.4+0.65 57.6+0.13 81.94+1.26 61.9+0.56 57.2+0.21
98.6+0.13 72.740.82 58.6+0.14 99.54+0.11 79.1+0.42 57.440.14 95.1+0.58 74.540.87 59.24+0.23
98.940.16 76.1+0.68 60.6+0.28 99.7+0.17 81.3+0.80 59.5+0.23 95.8+0.50 77.4+0.37 59.81+0.36
99.54+0.21 82.44+0.34 60.6+0.22 99.7+0.12 87.14+0.32 59.04+0.16 95.940.36 84.0+0.58 60.2+0.14
99.140.21 82.74+0.41 59.84+0.30 99.8+0.11 88.240.37 58.61+0.29 95.31+0.36 84.4+0.40 59.6+0.28
99.74+0.19 82.04+0.50 64.24+0.55 99.8+0.08 88.14+0.55 62.14+0.36 97.6+0.25 84.4+0.64 64.8+0.38
99.6+0.29 82.5+0.67 61.4+0.22 99.8+0.08 87.4+0.25 60.4+0.16 96.74+0.38 83.84+0.53 61.34+0.15
99.2+40.19 83.1+0.67 61.84+0.29 99.940.00 88.1+£0.59 61.2+0.37 97.14+0.29 83.74+1.05 62.14+0.41

2.4 / 5 GHz

77.9£1.05 62.5+0.39 57.3+£0.09 87.7+0.91 66.7+£0.34 57.44+0.07 76.01+1.06 62.1+0.28 57.240.08
74.9+0.48 66.01+0.32 57.940.13 85.91+0.78 69.2+0.28 57.61+0.07 80.11+0.53 66.2+0.48 58.440.08
86.940.90 69.5+0.79 59.64+0.24 93.940.60 75.24+0.46 59.7+0.31 90.1+0.95 70.440.27 58.91+0.25
92.640.42 78.3+0.25 60.7+0.14 96.6+0.21 82.84+0.25 59.5+0.17 93.5+0.21 78.54+0.21 59.74+0.12
94.64+0.50 79.24+0.40 59.2+0.29 98.0+0.35 83.6+0.36 58.5+0.28 94.5+0.41 80.1+£0.51 58.3+0.21
93.140.46 79.9+0.48 64.04+0.42 97.4+0.28 83.1+0.33 62.4+0.28 95.3+0.38 78.24+0.60 63.5+0.36
92.440.39 79.2+0.38 62.1£+0.16 97.8+0.17 82.84+0.42 60.9+0.17 95.0+0.34 78.940.54 61.41+0.29
94.34+0.51 80.4+0.56 61.84+0.19 97.7+0.33 83.31+0.45 61.24+0.22 95.8+0.40 80.0£0.82 62.01+0.33

4.4 Results and Analysis

WiFi-based Multi-user Sensing. Table[2] presents the multi-user sensing per-
formance of WiFi-based models. (1) Using the 2.4 GHz WiFi band, THAT and
CNN-2D are the best performing models for identification, while CNN-2D out-
performs other models in localization, and CLSTM achieves the best perfor-
mance in HAR. (2) With the 5 GHz WiFi band, CLSTM and THAT show the
highest accuracy in recognizing multiple identities, while THAT and CNN-2D
demonstrate their superiority in localization, and CLSTM obtains better results
than other models in HAR. (3) Exploiting both 2.4 and 5 GHz WiFi bands,
CNN-2D and THAT have the best results in identifying and localizing multiple
users, while CLSTM yields the highest accuracy for HAR. Generally, we can
observe that the state-of-the-art models show better performance on identifica-
tion (90.69~99.99%) than localization (78.78~88.20%), while having even lower
performance on HAR (60.87~64.82%). This is because HAR is more fine-grained
than the other two tasks, causing higher difficulties to learn representative fea-
tures. In contrast, multi-user identification is less fine-grained than localization
and thereby results in better performance. Comparing different WiFi bands, us-
ing 5 GHz results in higher accuracy than 2.4 GHz, since the 2.4 GHz WiFi band
suffers from more noise than 5 GHz, as mentioned in Section [3.:2] Meanwhile,
simply using the samples of two WiFi bands together cannot produce models
of better performance. These results inspire us to study dual-band augmented
multi-user sensing in the future.
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Fig. 5: Recognition performance of THAT in terms of accuracy (%) regarding
different numbers of users in each CSI sample (V,,). Sensing more users simultaneously
results in lower performance. (“N, < k”: each sample includes 0 to k users.)

Table 3: Recognition performance of video-based models on WiMANS in terms of
accuracy (%). Video-based models show better performance than WiFi-based models.

Classroom Meeting Room Empty Room

Activity

Model

Identity Location Activity Identity Location Activity Identity Location

ResNet

S3D

MViT=v1

Swin-S

99.0£0.93 95.94+1.70 72.3+0.86
99.940.00 99.5+0.50 94.0£1.35
99.940.05 99.31+0.26 93.7+0.44
99.84+0.06 99.7+0.05 95.1+0.11
99.84+0.05 99.6+0.05 96.6+£0.12
99.940.07 99.6+0.06 95.84+0.11

99.24+0.94 95.6+5.14 73.6+1.13
99.940.04 99.9+0.02 98.0£0.12
99.740.12 99.64+0.05 90.7£0.11
99.84+0.13 99.84+0.04 92.3+0.13
99.940.05 99.7+0.07 89.1+0.14
99.54+0.08 99.4+0.05 90.5+0.11

96.14+1.39 96.2+5.38 76.5+4.74
99.740.32 99.9+0.01 98.5+0.15
99.740.04 99.84+0.01 94.0£0.10
99.840.12 99.940.01 95.2+0.11
99.940.04 99.84+0.01 94.140.13
99.840.12 99.84+0.02 96.1£0.11

Numbers of Users. Fig. [5| analyzes the impacts of user numbers on the per-
formance of THAT. As expected, sensing more users simultaneously results in
lower recognition accuracy. (1) In the classroom, when the maximum user num-
ber increases from 1 to 5, the accuracy of identification, localization, and HAR
decreases by 5.70%, 15.39%, and 25.74%, respectively. (2) In the meeting room,
sensing up to 5 users simultaneously diminishes the accuracy of three tasks by
2.26%, 14.59%, and 25.78% compared to sensing a single user. (3) In the empty
room, similar results are evident where the accuracy of three tasks declines by
4.19%, 15.36%, and 25.90% as the maximum user number raises from 1 to 5.
We can observe that, compared to localization and identification, the perfor-
mance of HAR is more sensitive to changes in the number of users, because
HAR is of finer granularity, and increasing users leads to more occlusion and
mutual interference. Meanwhile, in varying environments, the number of users
exerts distinct impacts on the recognition accuracy, which is worthwhile to fur-
ther study. These results illustrate the usefulness of WiMANS and highlight the
challenges of sensing multiple users simultaneously based on WiFi CSI.
Video-based Multi-user Sensing. We provide the performance of video-based
models in Table [3] for comparison. Overall, video-based models achieve better
performance than WiFi-based models in three sensing tasks. Such results are
expected since video-based analysis has been well studied in computer vision,
which also demonstrate the quality of WIMANS, where users have performed dis-
tinguishing activities. Therefore, we can further exploit the videos in WiMANS
as a reference for unexplored tasks in the future. Despite the remarkable per-
formance of video-based models, they have much higher complexity and lower
efficiency than WiFi-based models, as discussed below.
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Table 4: Model complexity and time efficiency on WiMANS, where WiFi-based models
show their superiority over video-based models. (“Recs/s™ recognitions per second.)

Throughput (Recs/s)

Data Model Input Size Parameters (M) FLOPs (G)
Identity — Location  Activity
MLP [66] 810000 209.020 0.418 2018.97  8399.19  3385.97
LSTM [72] 3000% 270 1.609 0.971 3047.69  3045.22 3058.85
CNN-1D [57] 3000% 270 1.916 0.516 2685.73 2679.96 2670.38
WiFi CSI CNN-2D [41] 3000% 270 0.893 1.691 2132.54  2183.23 2137.92
CLSTM [40] 3000 % 270 5.391 1.791 2704.11 2707.01 2754.48
ABLSTM 7] 3000% 270 4.268 3.208 2493.05 2614.77 2708.44
THAT [33] 3000% 270 4.900 1.650 1937.48 1971.58 1955.32
ResNet [51]  90x3x112x112 33.393 17.670 50.81 51.10 51.10
$3D [63] 90X 3x 224 X224 8.342 204.644 113.86 120.74 117.29
Video MViT-v1 {13] 90x3x224x224 36.632 632.698 47.93 48.03 47.94
MViT-v2 [35] 90x3X224x224 34.559 577.742 38.24 38.17 38.16
Swin-T [37] 90x3x224x224 28.180 268.797 44.90 44.80 44.83
Swin-S [37] 90X 3x224%224 49.838 518.993 27.40 27.43 27.41

Model Complexity and Time Efficiency. Table [4] highlights the superior-
ity of WiFi-based models compared with video-based models in terms of model
complexity and time efficiency. Except for MLP which is rarely used in prac-
tice due to excessive parameters, the maximum number of parameters (5.391
M for CLSTM) in WiFi-based models is 1.55% less than the minimum number
of parameters (8.342 M for S3D) in video-based models. Similarly, the maxi-
mum FLOPs (3.208 G for ABLSTM) in WiFi-based models is 5.51x lower than
the minimum FLOPs (17.670 G for ResNet) in video-based models. Moreover,
the throughput of THAT is 16.33~17.02x higher than the throughput of S3D.
These results signify that WiFi-based human sensing can achieve satisfactory
performance with higher cost-effectiveness than video-based solutions. We fur-
ther discuss the training time and testing time of models in Appendix C.

5 Discussion

To the best of our knowledge, WiMANS is the first benchmark dataset for WiFi-
based multi-user activity sensing. In this section, we discuss the limitations and
future work of WiMANS and provide an ethics statement.

5.1 Limitations

WiMANS aims to represent the most common multi-user scenarios in daily life.
Therefore, we discuss the most general settings but not specific activities, condi-
tions, dedicated devices, etc. Such general settings may lead to some limitations.
Daily Activities. WiMANS includes common daily activities only, not ethically
risky activities (e.g., falling, fighting), and the current activities in WiMANS are
representative of daily life [3}[72,|76]. We will further consider other activities in
our future work, given ethical approval to ensure the safety of volunteers.

Challenging Conditions. WiFi-based human sensing has the potential to solve
the issues of obstacles. However, we do not intentionally set up obstacles since
we use a camera to capture videos, though WiMANS does contain occlusion due
to obstacles (e.g., chairs, desks) and indeed people also overlap with each other.
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WiFi Devices. We collect WiFi CSI using a single transmitter-receiver pair
equipped with Intel 5300 Network Interface Cards, the most commonly used
devices in the previous works [31/21,[38/43|/72}/76]. More transmitter-receiver pairs
may benefit WiFi-based multi-user sensing [1], while other dedicated devices can
also collect CSI using the Atheros CSI tool [64,/69], the AX-CSI tool [19,39], etc.

5.2 Future Work

Multi-user Pose Estimation. Recent works have discussed WiFi-based pose
estimation [17}/29}34L/461/59,(78./79], but they have not released their datasets.
Since WiMANS collects both WiFi CSI and videos, we can extend our dataset
by annotating videos with human body joints for multi-user pose estimation.
Dual-band Augmented Sensing. 2.4 GHz and 5 GHz WiFi bands have dif-
ferent advantages for human sensing, as mentioned in[3.:2] We plan to investigate
multi-user sensing augmented by dual WiFi bands for better performance.
Cross-domain Sensing. Recent studies [6,/82] have discussed cross-domain
single-user sensing based on WiFi CSI. We plan to explore cross-domain multi-
user sensing with varying numbers of users, unseen environments,/users, etc.

5.3 Ethics Statement

Human subject study in WiMANS has been reviewed and approved by institu-
tional ethics committee (IRB). Prior to data collection, each subject has been
given the details of WiMANS and signed the consent form regarding safety,
privacy, and releasing identifiable information. The activities in WiMANS are
common in daily life (e.g., Walking) to minimize participant risks. We create
aliases for all subjects (e.g., User 1) and blur their faces in videos to anonymize
personally identifiable information. WiMANS should be used for academic re-
search purposes only. We provide further discussions in Appendix D.

6 Conclusion

In this paper, we introduce WiMANS, the first WiFi-based human sensing
dataset that incorporates multiple users in each CSI sample. WiMANS con-
tains 11286 CSI samples of dual WiFi bands and synchronized videos, anno-
tated with user identities, locations, and activities. We run benchmark experi-
ments on WiMANS to evaluate the multi-user sensing performance of existing
models based on WiFi and videos. WiFi-based models show desirable perfor-
mance for multi-user identification and localization, while there is still vast room
for improvement in activity recognition compared with video-based models. We
make all data, source code, and documents publicly available, anticipating that
WiMANS can advance WiFi-based human sensing research from single-user sens-
ing towards more practical multi-user sensing. We hope that WiMANS can en-
able a variety of future works, such as multi-user pose estimation, dual-band
augmented sensing, and cross-domain sensing.
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