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Abstract. Human action recognition based on WiFi Channel State
Information (CSI) has attracted enormous attention in recent years.
Although performing well under supervised learning, the recognition
model suffers from significant performance degradation when applied in
a new domain (e.g. a new environment, a different location, or a new
user). To enable the recognition model robust to domains, researchers
have proposed various methods, including semi-supervised domain adap-
tation, unsupervised domain adaptation, and domain generalization.
Semi-supervised and unsupervised solutions still require a large num-
ber of partially-labeled or unlabeled samples in the new domain, while
domain generalization solutions have difficulties in achieving acceptable
accuracy. To mitigate these problems, we propose a one-shot bimodal
domain adaptation method to achieve cross domain action recognition
with much reduced effort. The method contains two key points. One is
that it synthesizes virtual samples to augment the training datatset of
the target domain, requiring only one sample per action in the target
domain. The other is that it regards the amplitude and the phase as
two consistent modals and fuses them to enhance the recognition accu-
racy. Virtual data synthesis is achieved by linear transformation with
dynamic domain weights and the synthesis autoencoder. Bimodal fusion
is achieved by the fusion autoencoder and feature concatenation under
the criterion of consistency. Evaluations on daily activities achieved the
average accuracy of 85.03% and 90.53% at target locations, 87.90% and
82.40% in target rooms. Evaluations on hand gestures achieved the aver-
age accuracy of 91.67% and 85.53% on target users, 83.04% and 88.01%
in target rooms.

Keywords: Action recognition · Modal fusion · Data synthesis ·
Domain adaptation

1 Introduction

Action recognition is of great values in many aspects of our daily lives. Existing
action recognition approaches are mainly based on visions and sensors. Vision-
based solutions can achieve excellent recognition accuracy, but require Line of
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Sight (LOS) and may incur privacy violations. Sensor-based solutions demand
the users to carry dedicated devices, thus are inconvenient. As a non-intrusive
and pervasive solution, WiFi-based action recognition has attracted increasing
attention in recent years, due to the release of Channel State Information (CSI)
tools [7,26]. A large number of studies on CSI-based action recognition have been
launched since then [1,10], ranging from activity recognition, gesture recognition,
to other miscellaneous applications. Most of these solutions exploit supervised
learning to achieve high accuracy, requiring the training data and the testing data
to follow the same distribution. This indicates that CSI-based action recognition
under supervised learning only works well in unchanged domains. If the domain
changes (e.g. user diversity, location variation, room change), the recognition
accuracy will decline dramatically. To keep high performance in a new domain,
a large number of new samples need to be collected in the new domain to retrain
or fine-tune the original recognition model. This is impractical for real-world
applications. To solve this problem, researchers have proposed various solutions,
which may be semi-supervised domain adaptation, unsupervised domain adapta-
tion, or domain generalization. Semi-supervised and unsupervised solutions still
need to collect a large number of partially-labeled or unlabeled samples in the
new domain, while domain generalization solutions have difficulties in achieving
acceptable accuracy because it is difficult to capture the characteristics of the
new domain without any real samples.

To minimize the effort of domain adaptation and meanwhile keep high accu-
racy, we propose a one-shot bimodal domain adaptation method, aiming to
achieve cross domain CSI action recognition. Utilizing the source domain data
and the only sample per action in the target domain, the method synthesizes a
large number of virtual samples for the target domain. Virtual data synthesis
is through linear transformation with dynamic domain weights and the virtual
samples are made close to the target domain by the synthesis autoencoder. To
further enhance the accuracy, the method fuses the amplitude and the phase
under the criterion of consistency by the fusion autoencoder. The fused features
of all the virtual samples are used to train the action classifier for the target
domain. Evaluations proved that the proposed method could achieve one-shot
domain adaptation for action recognition across users and locations as well as
rooms. The contributions of the paper can be summarized as follows.

– Propose a data synthesis method based on linear transformation and the
synthesis autoencoder. With one sample per action in the target domain and
the samples in the source domains, the method can synthesize a large number
of virtual samples for the target domain. The domain weights in the linear
transformation are determined dynamically. The virtual samples are made
close to the target domain by the synthesis autoencoder.

– Propose a bimodal fusion method based on Cosine Similarity and the fusion
autoencoder, which fuses the amplitude and the phase under the criterion of
consistency.

– With virtual data synthesis and bimodal fusion, the method achieves one-shot
domain adaptation and hence action recognition across users and locations,
with the accuracy of more than 85% in the target domains.
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– For the task of cross room action recognition, the method achieves the accu-
racy of more than 82% in the target rooms with one-shot domain adaptation.

The rest of the paper is organized as follows. Section 2 reviews the related
works. Section 3 provides the overview of the method. Section 4 elaborates on the
methodology of one-shot bimodal domain adaptation, focusing on virtual data
synthesis and bimodal fusion. Section 5 reports the evaluations on cross domain
activity recognition and gesture recognition. Section 6 concludes the paper.

2 Related Works

Since the release of WiFi CSI tools [7,26], studies on CSI-based action recognition
have been boosting [1,10]. These methods can be model-based or learning-based.

2.1 Model-Based Action Recognition

Model-based methods investigate wireless transmission theories and exploit sig-
nal processing techniques to achieve recognition, hence are agnostic to domains.
But accurate modeling of WiFi propagation indoors is difficult. These methods
usually require a relatively large number of transceivers and have limitations on
their placement. Zhang et al. [29] correlated signal propagation with motions in
the first Fresnel zone and linked amplitude variations with motions to detect
activities. WiDrive [3] recognized in-car activities based on Doppler Frequency
Shifts (DFS), employing Hidden Markov Model with Gaussian Mixture emissions
Model (HMM-GMM) as the classifier, whose parameters were updated online to
adapt to vehicles and drivers. Widar3.0 [32] derived the domain independent
feature Body-coordinate Velocity Profile (BVP) from DFS and recognized ges-
tures adaptive to environments, users, locations and orientations. AirDraw [9]
achieved learning-free in-air handwriting by gesture tracking using CSI phase.
It denoised raw CSI by the ratio between two adjacent antennas, separated
reflected signals from noise by Principal Component Analysis (PCA), and cor-
rected tracking by eliminating static components unrelated to hand motions. Niu
et al. [16] analyzed DFS to quantify the relationship between signal frequencies
and target locations, motion directions and speeds. They proposed movement
fragments and relative motion direction changes as two features to recognize
gestures across environments, users, locations and orientations.

2.2 Learning-Based Cross Domain Action Recognition

Learning-based methods have less limitations on the number and the placement
of transceivers. They try to learn the relationship between CSI measurements
and actions. But learning-based methods have dependance on the domains. To
achieve cross domain recognition, researchers try to extract domain robust fea-
tures or transfer knowledge from source to target domains.
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Activity Recognition. To achieve location independent activity recognition,
FALAR [27] reconstructed the amplitude data by Class Estimated Basis Space
Singular Value Decomposition (CSVD) to discard most location information.
EI [11] achieved environment and user independent activity recognition using
amplitude based on adversarial networks, composed of a Convolutional Neural
Network (CNN) feature extractor, an activity recognizer and a domain discrimi-
nator. CsiGAN [25] enabled activity recognition adaptive to users based on semi-
supervised Generative Adversarial Network (GAN), leveraging limited unlabeled
amplitude data to produce diverse fake samples to train a robust discriminator.
WiLISensing [6] built a CNN model to recognize activities using amplitude and
fine-tuned the model in new locations. Sheng et al. [18] achieved action recogni-
tion using amplitude by integrating CNN with Bi-directional Long Short Term
Memory (BLSTM) and fine-tuned the model in new scenarios. HAR-MN-EF [20]
achieved environment independent activity recognition by leveraging Matching
Network with activity enhanced amplitude. Zhang et al. [31] recognized activi-
ties using amplitude images by a Dense-LSTM model. They synthesized variant
activity data through CSI transformation to mitigate activity inconsistency and
subject specific issues. Ma et al. [15] recognized activities across locations and
users using amplitude, employing 2DCNN as the activity classifier, 1DCNN as
the state machine, and reinforcement learning for neural architecture search.

Gesture Recognition. WiAG [22] achieved gesture recognition independent
on locations and orientations as well as environmental dynamics, by generating
virtual amplitude samples of gestures in the target domains through a transla-
tion function. CrossSense [30] enabled amplitude training samples to be collected
once and used across sites, by employing an Artificial Neural Network (ANN)
to train a roaming model that generated synthetic training samples of gestures
or gaits for each target site. WiADG [35] and JADA [34] exploited unsupervised
joint adversarial domain adaptation to realize gesture recognition based on phase
difference, mapping the unlabeled target data and the labeled source data to a
domain-invariant feature space. Yang et al. [28] enabled one-shot gesture recogni-
tion via a Siamese recurrent convolutional architecture based on phase difference,
which used transferable pairwise loss to remove structured noise such as individ-
ual heterogeneity and various measurement conditions. To alleviate the effort of
retraining in a new scenario or for a new user, Wang et al. [23] recognized ges-
tures based on CSI images leveraging a deep similarity evaluation network. Also
based on similarity evaluation, Ma et al. [14] achieved gesture recognition based
on amplitude image that could recognize new types of gestures, or gestures per-
formed by a new user or in a new scenario. Kang et al. [12] recognized gestures
based on DFS through adversarial learning with feature disentanglement and an
attention scheme, adaptive to environments, users, locations and orientations.

2.3 Multi-modal Action Recognition

Different information in CSI depicts the action from different dimensions, which
can be combined to enhance the performance. WiFit [13] monitored body-weight
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exercises robust to environments and users, using amplitude, phase difference
and Doppler velocity spectrum. TL-HAR [2] transformed amplitude and phase
to images for multiple human activity recognition. MatNet-eCSI [21] employed
Matching Network to perform one-shot learning to recognize activities in a new
environment. They enhanced activity dependent information and eliminated
activity unrelated information and fused amplitude and phase after enhance-
ment. Shi et al. [19] authenticated users by recognizing their activities, using
amplitude, relative amplitude and Short Time Fourier Transform (STFT) holo-
grams. They employed an unsupervised domain discriminator to mitigate the
impact of locations and environmental changes. FingerDraw [24] tracked fin-
ger drawings by exploiting the CSI-quotient model and the Fresnel zone model.
It canceled out noise in amplitude and random offset in phase, and quantified
the correlation between CSI dynamics and object displacements. DANGR [8]
achieved gesture recognition by fusing amplitude and phase. They exploited
GAN to augment the dataset and adopted Multi-kernel Maximum Mean Dis-
crepancy (MK-MMD) to shrink the domain discrepancy. WiVi [33] recognized
activities by combining vision and WiFi. It employed CNN to extract features
from WiFi and a variant of C3D model for vision sensing. An ensemble neural
network was constructed for decision. Bakalos et al. [4] detected abnormal activ-
ities based on BLSTM, fusing RGB imagery, thermographic imagery and CSI to
capture the temporal inter-dependency.

2.4 The Difference

Compared with the prior works, our method is a universal solution for WiFi
sensing tasks. Although we only evaluated on activity recognition and gesture
recognition, the method can be extended to other CSI sensing tasks. Our method
requires only one sample per class in the target domains, hence it achieves one-
shot domain adaptation, requiring less effort than semi-supervised and unsu-
pervised methods. Our method fuses amplitude and phase in feature extraction
considering the consistency between them, hence enhances the recognition per-
formance, achieving higher accuracy than domain generalization methods. Apart
from user diversity and location variation, our method achieves acceptable accu-
racy for cross room action recognition, which is the most challenging issue in
cross domain sensing.

3 Overview

The goal of our work is to recognize actions in new scenarios with the knowledge
from the training scenarios. The training scenarios are known as the source
domains, whereas the new scenarios, to which the recognition model is adapted,
are known as the target domains. The source domains have adequate labeled
data to train an accurate recognition model, while the target domains have very
few samples, far from training a recognition model. Each scenario is regarded as
a domain. Domain changes are caused by user diversity, location variation, room
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Fig. 1. Framework of the proposed method.

change and etc. Our aim is to achieve cross domain action recognition with little
effort by means of one-shot domain adaptation, which requires only one sample
per class in each target domain.

To achieve the aim, we propose the method framework as shown in Fig. 1,
composed of data collection, preprocessing, virtual data synthesis, bimodal
fusion and action recognition. The key components are virtual data synthesis
and bimodal fusion. As there is only one sample per action in the target domain,
the data synthesis component synthesizes a large number of virtual labeled sam-
ples for the target domain, leveraging linear transformation and the synthesis
autoencoder. The bimodal fusion component extracts the consistent features
from the amplitude and the phase under the constraint of Cosine Similarity via
the fusion autoencoder, and concatenates the consistent features for the subse-
quent action classification. Before virtual data synthesis, the amplitude and the
phase are retrieved from CSI, undergoing noise reduction in amplitude and shift
removal in phase. After bimodal fusion, the concatenated features of the virtual
samples are used to train the action classifier and recognize the actions in the
target domain.

4 Methodology

4.1 Data Preprocessing

The amplitude and the phase retrieved from the raw CSI cannot be used directly
for action recognition, as the amplitude contains noise and the phase contains
shifts caused by Carrier Frequency Offset (CFO) and Sampling Frequency Off-
set (SFO). CFO is due to the unsynchronization of the central frequencies
between the transmitter and the receiver, and SFO is due to the unsynchronized
clocks. The data preprocessing goes through amplitude denoising, phase saniti-
zation, data segmentation and data resampling. The raw amplitude sequences
are denoised by a median filter, and the raw phase sequences are sanitized by
a linear transformation method [17]. The denoised and sanitized data are seg-
mented to retrieve the action part by mean square deviations. Finally the data
are resampled to keep a consistent length by interval sampling.
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(a) Raw phase (b) Sanitized phase

Fig. 2. Raw and sanitized phase.

As the raw phase values have significant errors due to CFO and SFO, we apply
linear transformation to sanitize it [17]. The raw phase of the i-th subcarrier can
be expressed as

∠Ĥi = ∠Hi − 2π
mi

F
Δt + β + Z (1)

where ∠Hi is the true phase, mi denotes the subcarrier index ranging from −28
to 28, F is the size of Fast Fourier Transform (FFT), Δt is the timing offset due
to SFO, β is the unknown phase offset due to CFO, and Z is the measurement
noise. Defining two terms k and b as

k =
∠ĤN − ∠Ĥ1

mN − m1
, b =

1
N

N∑

i=1

∠Ĥi (2)

where N is the number of subcarriers, Eq. (1) can be rewritten as

∠Ĥi = ∠Hi − kmi − b (3)

Apply Eq. (3) to the raw phase, we can obtain the sanitized phase. Figure 2
shows the raw and the sanitized phase, each curve representing a packet.

4.2 Virtual Data Synthesis

Suppose Ds = {(xs
i , y

s
i )|i = 1, 2, · · · , ns} represents the dataset of the source

domains, where xs
i is an action sample and ys

i is the action label. Suppose Dt =
{(xt

i, y
t
i)|i = 1, 2, · · · , nt} represents the datatset of the target domain, where

xt
i is an action sample and yt

i is the action label. ns and nt are the numbers of
samples in the source and the target domain, satisfying nt � ns. For one-shot
domain adaptation, nt = C, where C is the number of action types, i.e. each
action has one sample in the target domain. As the target domain has only C
samples, it is too few to train a classifier or fine-tune a pre-trained classifier. To
achieve cross domain action recognition, we need to augment the dataset of the
target domain. We synthesize virtual samples for the target domain, utilizing
the real samples in the source domains and the only sample per action in the
target domain. The method of virtual data synthesis is illustrated in Fig. 3.
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Fig. 3. Virtual data synthesis.

Linear Transformation. The CSI data are the superposition of the signals
from all the paths. The static paths are reflected by the static objects, such as
floor, ceiling and furniture, while the dynamic paths are reflected by the moving
objects, i.e. the sensing targets. Therefore, the dynamic paths are related to the
actions, whereas the static paths are environment related. As the synthesized
data are for the target domain, they should contain both the action information
and the target environment information. The action information mainly comes
from the source domains and the target environment information comes from the
target domain. Taking a sample from the source domains, denoted as (xs

i , y
s
i ) ∈

Ds, and taking a sample from the target domain, denoted as (xt
j , y

t
j) ∈ Dt,

satisfying ys
i = yt

j , we apply linear transformation on xs
i and xt

j to synthesize
the virtual sample as

xv
i = αxs

i + βxt
j (4)

where α and β are the domain weights, to balance the importance of the source
domain and the target domain. The label of xv

i is set as yt
j .

Dynamic Domain Weights. In the synthesis of a virtual sample, the source
domain sample and the target domain sample belong to the same action class, so
they share the same action information but have different environment informa-
tion. Through linear transformation, the common action information and both
the environment information are contained in the synthesized sample. Since the
synthesized samples are for the target domain, the target environment infor-
mation should be retained while the source environment information should be
removed. This can be achieved by setting the proper domain weights. When α
decreases and β increases, xv

i gets approaching the target domain sample xt
j .

Because different domains have different environmental characteristics, we pro-
pose to set the domain weights adaptively. We apply the synthesis autoencoder
on the virtual sample xv

i to determine the values of α and β. The synthesis
autoencoder is a CNN, whose structure is shown in Table 1.

Target Domain Enhancement. In addition to the domain weights, the syn-
thesis autoencoder tries to make the virtual data close to the target domain
data. Using Mean Square Error (MSE) to calculate the distance between the
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Table 1. Structure of the autoencoder

Input layer (200× 270) 2D matrix

Conv2d Channels=(1,4), kernel size=(5,5), stride=2

Conv2d Channels=(4,16), kernel size=(3,3), stride=2

Conv2d Channels=(16,32), kernel size=(3,3), stride=2

Conv2d Channels=(32,32), kernel size=(2,2), stride=1

ConvTranspose2d Channels=(32,32), kernel size=(3,2), stride=1

ConvTranspose2d Channels=(32,16), kernel size=(3,4), stride=2

ConvTranspose2d Channels=(16,4), kernel size=(3,4), stride=2

ConvTranspose2d Channels=(4,1), kernel size=(4,4), stride=2

Output layer (200× 270) 2D matrix

synthesized virtual data xv
i and the target domain data xt

i, the loss function of
the synthesis autoencoder can be defined as

min Lsyn =
1
ns

C∑

i=1

nc∑

j=1

(xv
ij − xt

i)
2 (5)

where nc is the number of samples in the source domains for an action. By
training the synthesis autoencoder, the domain weights α and β can be set
dynamically and the synthesized virtual samples contain the action information
and the target environment information.

Figure 4 shows the virtual amplitude and the virtual phase synthesized from
the real sample in the target domain with the action knowledge from the source
domains. The virtual samples are similar to the target domain data, thus can be
used to train the recognition model for the target domain.

Fig. 4. Synthesized virtual samples
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Fig. 5. Fusion of amplitude and phase.

4.3 Fusion of Amplitude and Phase

From CSI we can extract amplitude and phase. The two modals are affected by
the actions simultaneously, hence have consistency. To learn the features more
accurately, we propose to fuse the two modals in the feature level under the
criterion of consistency, as illustrated in Fig. 5. The key in the structure is the
fusion autoencoder, which is a CNN as shown in Table 1.

Suppose xa denotes the amplitude sample and xp denotes the phase sample.
The fusion autoencoder is applied on them to extract the action features in
each modal. We denote the features of xa as fa = encoder(xa) and the features
of xp as fp = encoder(xp). Considering that xa and xp sense the same action
simultaneously and have consistency in the feature space, we leverage Cosine
Similarity to measure their consistency and minimize their cosine distance. The
goal can be expressed as

min Lcos = 1 − cos(fa, fp)

= 1 − fa · fp

‖ fa ‖ · ‖ fp ‖

= 1 −
∑N

i=1 fa
i fp

i√∑N
i=1 (fa

i )2
√∑N

i=1 (fp
i )2

(6)

In addition to minimizing the distance between the amplitude and the phase,
the extracted features should keep the original feature of each modal. Hence the
reconstructions of xa and xp, denoted as x̄a and x̄p, should be as close to the
originals as possible, i.e.

min LMSE(xa, x̄a) =
1
N

N∑

i=1

(xa
i − x̄a

i )
2

min LMSE(xp, x̄p) =
1
N

N∑

i=1

(xp
i − x̄p

i )
2

(7)
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The total loss of the fusion autoencoder can be defined as

Lfusion = Lcos + λLMSE(xa, x̄a) + λLMSE(xp, x̄p) (8)

where λ is the balance factor. The extracted features fa and fp are concatenated,
expressed as f = [fa, fp], as the fused feature for action classification.

4.4 Action Classification

We employ CNN as the action classifier, taking the fused feature of amplitude
and phase f = [fa, fp] as the input. fa and fp are the encoded features, having
the dimensions of 22 × 31 × 32. After concatenation, the fused feature f has the
dimension of 22 × 31 × 64. The action classifier contains 3 convolutional blocks
followed by 3 fully connected layers, in which each convolutional block is com-
posed of 1 convolutional layer and 1 max-pooling layer. ReLU is the activation
function and cross entropy is the classification loss. The structure of the action
classifier is shown in Table 2.

Table 2. Structure of the action classifier

Input layer (22× 31× 64) 3D matrix

Convolutional Channels=(64,64), kernel size=(3,3), stride=1

Convolutional Channels=(64,32), kernel size=(2,2), stride=1

Convolutional Channels=(32,16), kernel size=(2,2), stride=1

FullyConnected Nodes=1024

FullyConnected Nodes=512

FullyConnected Nodes=64

Output layer Nodes=#actions

5 Evaluations

5.1 Experimental Setup and Datasets

To evaluate the proposed method, we conducted extensive experiments on activ-
ity recognition and gesture recognition. We deployed two laptops equipped with
Intel WiFi Link 5300 as the transmitter and the receiver, each having 3 antennas.
The sampling rate was 100 Hz for activity recognition and 1000 Hz for gesture
recognition. As there were 9 antenna pairs and each had 30 subcarriers, each CSI
packet contained 270 dimensions. After data preprocessing, each action sample
had a time sequence of 200 packets with 270 dimensions.
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Fig. 6. Experimental scenarios and setup.

Activity Datasets. We set up two scenarios for activity recognition. One was
a laboratory of size 6 m× 8 m and the other was a lobby of size 5 m × 5 m. In the
laboratory, as shown in Fig. 6(a), the transmitter and the receiver were placed
on both sides of the aisle. The volunteer performed 4 activities (squatting down,
standing up, walking and jumping) at 8 locations (as the location pins show
in Fig. 6(a), adjacent locations are about one meter apart), and each activity
was repeated 20 times per location. In the lobby, as shown in Fig. 6(b), the
transmitter and the receiver were placed at two opposite corners of the room. The
volunteer performed 6 activities (squatting down, standing up, walking, jumping,
falling and climbing) at 5 locations (as the location pins show in Fig. 6(b),
adjacent locations are about one meter apart), and each activity was repeated
20 times per location.

Gesture Datasets. We also collected data for gesture recognition in two scenar-
ios: a laboratory of size 6 m× 8 m and a lounge of size 5 m × 5 m. The transmitter
and the receiver were placed in the aisle with 2 m apart in the laboratory and
1.6 m apart in the lounge, as shown in Fig. 6(c) and Fig. 6(d). Six volunteers,
with different heights and weights, performed 6 gestures in both scenarios. The
gestures were common letters {L, O, V, W, Z, S}, and each was repeated 20
times per person.

5.2 Experimental Results of Activity Recognition

Across Locations. In the laboratory, 7 locations were taken as the source
domains and the left 1 as the target domain. In the lobby, 4 locations were
taken as the source domains and the left 1 as the target domain. We used 20
samples per activity in each source domain and only 1 sample per activity in the
target domain to train the adaptation model, and used 19 samples per activity
in the target domain to test the adaptation model. The method was evaluated



302 B. Zhou et al.

at the 8 locations in the laboratory and the 5 locations in the lobby, with each
location as the target domain in turn. The detailed results are shown in Table 3.
The average accuracy of activity recognition at the target locations reached
85.03% in the laboratory and 90.53% in the lobby for one-shot bimodal domain
adaptation, outperforming using only the amplitude or the phase.

Across Rooms. For activity recognition across rooms, we took the laboratory
as the source room and the lobby as the target room, and vice verse. The exper-
iments were conducted at each location in the target room in turn. We used the
data at all the locations in the source room and only 1 sample per activity at
the current location in the target room to train the adaptation model, and used
19 samples per activity at the current location in the target room to test the
adaptation model. The average accuracy achieved 87.90% from the laboratory
to the lobby and 82.40% from the lobby to the laboratory, as shown in Table 5.
The accuracy of bimodal fusion outperformed the amplitude or the phase alone.

5.3 Experimental Results of Gesture Recognition

Across Users. For gesture recognition in the laboratory and the lounge, we
took 5 users as the source domains and the left 1 as the target domain. We used
20 samples per gesture in each source domain and only 1 sample per gesture
in the target domain to train the adaptation model, and used 19 samples per
gesture in the target domain to test the adaptation model. The method was
evaluated on the 6 users in the laboratory and the lounge, with each user as
the target domain in turn. As shown in Table 4, the average accuracy achieved
91.67% in the laboratory and 85.53% in the lounge for the target users using
one-shot bimodal domain adaptation, outperforming using only the amplitude
or the phase.

Across Rooms. For gesture recognition across rooms, we used the laboratory
as the source room and took the lounge as the target room, and vice verse. The
experiments were conducted on each user in the target room in turn. We used
the data of 5 users in the source room and 1 sample per gesture of the left user in
the target room to train the adaptation model, and used 19 samples per gesture
of the target user in the target room to test the adaptation model. The average
accuracy of cross room gesture recognition achieved 83.04% from the laboratory
to the lounge and 88.01% from the lounge to the laboratory, as shown in Table 5.
The accuracy of bimodal fusion outperformed the amplitude or the phase alone.

5.4 Comparison with Existing Works

We compared our method with the state of the art. We compared with the
data augmentation method in Fido [5], which leveraged Variational Autoencoder
(VAE) to synthesize virtual samples from the labeled samples. We compared
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Table 3. Activity recognition at target locations (%)

Scenario Source Target Amplitude Phase Bimodal

Lab 2-8 1 73.68 75.00 78.95

1, 3-8 2 77.63 68.42 78.95

1-2, 4-8 3 80.26 73.68 80.26

1-3, 5-8 4 89.47 71.05 93.42

1-4, 6-8 5 72.37 72.37 77.63

1-5, 7-8 6 86.84 85.53 94.74

1-6, 8 7 78.95 81.58 90.79

1-7 8 77.63 75.00 85.53

Average 79.60 75.32 85.03

Lobby 2-5 1 88.60 85.09 92.11

1, 3-5 2 84.21 75.44 85.96

1-2, 4-5 3 85.09 84.21 94.74

1-3, 5 4 82.46 81.58 92.98

1-4 5 81.58 78.07 86.84

Average 84.30 80.88 90.53

Table 4. Gesture recognition on target users (%)

Scenario Source Target Amplitude Phase Bimodal

Lab 2-6 1 85.09 79.82 90.35

1, 3-6 2 88.60 78.95 90.35

1-2, 4-6 3 92.11 88.60 97.37

1-3, 5-6 4 83.33 78.07 85.96

1-4, 6 5 86.84 78.95 92.11

1-5 6 88.60 71.05 93.86

Average 87.43 79.24 91.67

Lounge 2-6 1 75.44 69.30 77.19

1, 3-6 2 81.58 75.44 85.09

1-2, 4-6 3 91.23 86.84 95.61

1-3, 5-6 4 79.82 71.93 83.33

1-4, 6 5 82.46 80.70 85.09

1-5 6 83.33 68.42 86.84

Average 82.31 75.44 85.53

Table 5. Action recognition in target rooms (%)

Action Source Target Amplitude Phase Bimodal

Activity Lab Lobby 83.16 79.21 87.90

Lobby Lab 76.48 73.03 82.40

Gesture Lab Lounge 79.53 71.49 83.04

Lounge Lab 83.77 75.73 88.01
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Fig. 7. Comparison with existing works.

with CsiGAN [25], which leveraged semi-supervised GAN for CSI-based activ-
ity recognition, using unlabeled samples to generate virtual samples to train a
robust discriminator. We reimplemented the VAE-based data synthesis method
in FiDo and reused the original implementation of CsiGAN. These methods were
compared with no adaptation and fine-tuning as well. Using the same activity
datasets and gesture datasets in Sect. 5.1, the results are shown in Fig. 7. Across
locations and across users as well as across rooms in multiple scenarios, our
method achieved the best performance in the target domains. The reasons are
two-fold. Firstly, our method utilized one real sample per action in the target
domain together with the real samples in the source domains to achieve domain
adaptation, which could help capture the characteristics of the target domain
more accurately. Secondly, our method enhanced the action features by fusing
amplitude and phase, while FiDo and CSiGAN only made use of amplitude. We
also compared our method with the existing works using only amplitude, and
our method still achieved the best performance in the target domains.

5.5 Ablation Study

Effect of Dynamic Domain Weights. We apply linear transformation to
synthesize virtual data, which assigns the weights to the source and the target
domains, balancing their importance on data synthesis. As different domains
have different characteristics, the domain weights should be set differently. Our
method sets the domain weights adaptively through the synthesis autoencoder.
To verify its effect, we compared it with fixed domain weights (α = 0.5, β = 0.5).
The comparison results are shown in Fig. 8(a) for activities and Fig. 8(b) for
gestures. Dynamic domain weights outperformed fixed domain weights.
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Fig. 8. The ablation study.

Effect of Synthesis Autoencoder. In addition to linear transformation, we
leverage the synthesis autoencoder to reconstruct the virtual data and make
them close to the target domain data, in order to enhance the target environment
information. To verify the effect of the synthesis autoencoder, we compared it
with not using the synthesis autoencoder. The comparison results are shown
in Fig. 8(c) for activities and Fig. 8(d) for gestures. The synthesis autoencoder
improved the accuracy by a large margin.

Effect of Fusion Autoencoder. The fusion autoencoder extracted the con-
sistent features from different but consistent modals and meanwhile kept their
original action features. To verify its effect, we compared it with not using the
fusion autoencoder, which extracted the features from the amplitude and the
phase and concatenated them. The comparison results are shown in Fig. 8(e)
for activities and Fig. 8(f) for gestures. The fusion autoencoder improved the
accuracy by a large margin. Without the fusion autoencoder, the features were
extracted from the different modals separately, losing the consistency between
them, causing the loss of useful information.
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Fig. 9. The parameter study.

5.6 Parameter Study

Number of Source Domains. To evaluate the impact of the number of source
domains, we tested on different numbers of source domains with one target
domain. For activity recognition across locations in the laboratory, we took 1, 4,
7 locations as the source domains and a different location as the target domain.
For activity recognition across locations in the lobby, we took 1, 2, 4 locations
as the source domains and a different location as the target domain. For gesture
recognition across users in the laboratory and in the lounge, we took 1, 3, 5 users
as the source domains and 1 different user as the target domain. The recognition
accuracies on the target domains are shown in Fig. 9(a). More source domains
led to better performance, but incurred higher cost.

Number of Samples in Source Domains. We evaluated the impact of the
number of samples per action in the source domains. For activity recognition
across locations in the laboratory and the lobby and for gesture recognition
across users in the laboratory and the lounge, we set the number of samples
in each source domain as 5, 10, 20 per action and the target domain had 1
sample per action. The recognition accuracies on the target domains are shown
in Fig. 9(b), indicating that the accuracy increased with the number of samples
in the source domains, but requiring more effort.

Number of Samples in Target Domains. We also evaluated the impact of
the number of samples per action in the target domain. For activity recognition
across locations in the laboratory and the lobby and for gesture recognition
across users in the laboratory and the lounge, we set the number of samples in
the target domain as 1, 2, 5 per action, and the number of samples in each source



Towards Cross Domain CSI Action Recognition 307

domain were 20 per action. The recognition accuracies on the target domain
are shown in Fig. 9(c). Although more samples achieved higher accuracy, they
incurred higher effort. One-shot adaptation achieved acceptable accuracy.

Number of Kernels in Autoencoders. The structure of the synthesis
autoencoder and the fusion autoencoder is important to domain adaptation.
We evaluated the performance of different numbers of convolution kernels in the
autoencoders. We compared 3 groups of kernel numbers, which were [1,4,8,16],
[1,4,16,32] and [1,4,16,64] for the encoders and inverse for the decoders. The
results on the target domain are shown in Fig. 9(e). [1,4,16,32] kernels achieved
the best performance, while [1,4,8,16] kernels could not extract the features effec-
tively and [1,4,16,64] kernels caused overfitting.

6 Conclusions

To achieve cross domain CSI action recognition and sensing, we propose a one-
shot domain adaptation method based on virtual data synthesis and bimodal
fusion. The method synthesizes the virtual data for the target domains by a linear
transformation function and the synthesis autoencoder, which sets the domain
weights adaptively for different domains in linear transformation and makes the
virtual data close to the target domain data. To improve the recognition accuracy
with only one sample per action in the target domain, the method fuses the
amplitude and the phase by the fusion autoencoder, which extracts their action
features and keeps their consistency to the same actions. Real-world evaluations
of activity recognition and gesture recognition in multiple scenarios achieved
high accuracy across locations and users as well as rooms. The limitation of
the current method is that it still requires one sample per action in the target
domain. Zero-shot domain adaptation is our next step work.
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