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MULTIMODAL-BASED GAIT RECOGNITION USING COMMODITY WI-FI DEVICES
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ABSTRACT

Conventional approaches of human gait recognition are
plagued by issues such as invasion on privacy, constraints
in terms of space, limits in lighting conditions, and inconve-
niences associated with wearable gadgets. Herein, we explore
the potential advantages of Wi-Fi signals and fuse two modal-
ities, namely phase and spectrogram, of Wi-Fi Channel State
Information (CSI) as gait features. This integration leads to
the development of a robust human gait recognition system
called MultiGaFi. Specifically, we extract time-frequency
features of spectrograms through a well-designed network,
while temporal features related to phase changes are captured
through gated recurrent unit (GRU). Subsequently, the time-
frequency features and temporal features are linearly fused to
facilitate human gait recognition. We implement MultiGaFi
on commodity Wi-Fi devices across four distinct indoor envi-
ronments, and the empirical findings indicate that MultiGaFi
achieves an impressive average accuracy of 98.11% within
these specific indoor environments.

Index Terms— Wi-Fi Signal Processing, Human Gait
Recognition, Channel State Information, Deep Learning

1. INTRODUCTION

Gait recognition, being a biometric identification technique,
has gained significant interest in recent years and has been
widely applied across various domains. The primary reliance
of traditional gait recognition methods is on physical devices
such as cameras [1,2], wearable devices [3], and pressure sen-
sors [4]. Nevertheless, it is important to acknowledge that
these approaches include inherent constraints, such as privacy
invasion, reliance on wearable devices, and vulnerability to
environmental factors. The limitations of traditional recogni-
tion methods have been addressed by Wi-Fi based recognition
methods. Hence, a large number of human activity recogni-
tion systems [5-9] leveraging Wi-Fi signals have emerged,
with gait recognition systems [10—13] gaining considerable
prominence in this domain.

*Corresponding author. Email: yangf@zhejianglab.com

This work was supported by National Natural Science Foundation of
China Grant (No. U22A6001) and Key Research Project of Zhejiang Lab
(No. 2022PGOAC02).

In recent years, researchers have been exploring ways to
enhance the performance of Wi-Fi based gait recognition sys-
tems. WifiU [12] is one of the most characteristic systems of
previous works, which experientially extracts time-frequency
gait features to train a machine learning model. However,
WifiU exhibits several limitations as it restricts participants
to traverse a singular predetermined trajectory and solely fa-
cilitates experimentation inside a singular environment. Be-
sides, alternative approaches either prioritize on the temporal
information of Wi-Fi Channel State Information (CSI) ampli-
tude, neglecting the frequency-domain information [5,10,13],
or exclusively examine the frequency-domain information of
CSI [9, 11]. Consequently, these methods fail to comprehen-
sively capture the multimodal features inherent in CSI data,
leading to suboptimal performance. Given that human walk-
ing speed can influence the phase changes in CSI data [14],
and that walking speed is a crucial component of human gait,
we are inclined to include phase changes as a feature inside
our system. Therefore, drawing inspiration from XModal-ID
[15] and WiVi [16], which fuse cross-modal features, namely
video and CSI, for recognition, our basic idea revolves upon
the fusion of CSI phase features and CSI spectrogram features
as inputs to enhance gait recognition.

In this paper, we propose MulGaFi, a novel Multimodal-
based Gait recognition system using Wi-Fi signals. MulGaFi
employs short-time Fourier transform (STFT) to convert CSI
data into spectrograms, facilitating extraction of features in
the time-frequency domain. MulGaFi adopts phase recali-
bration to capture precise CSI phase changes, which enables
the extraction of features in human walking speed. We de-
sign a gait recognition model which utilizes convolutional
neural network (CNN) with SEBlock [17] and gated recur-
rent unit (GRU) to extract gait features in the time-frequency
domain and temporal features related to phase changes sep-
arately. In addition, a fusion block is applied to fuse these
features linearly, thereby improving gait recognition perfor-
mance through the fusion of CSI spectrogram and CSI phase.

We highlight the main contributions as follows:

(i) We propose a multimodal-based human gait recognition
system based on Wi-Fi CSI, named MulGaFi, which
utilizes two modalities of CSI to achieve higher perfor-
mance gait recognition.

(i) We design a recognition network, which can extract
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Fig. 1. Raw CSI Amplitude vs. Spectrogram with STFT.

both spectrogram features in the time-frequency do-
main and temporal features related to phase changes,
subsequently fusing them linearly for enhanced perfor-
mance.

(iii) We implement MulGaFi using commodity Wi-Fi de-
vices and evaluate the performance through 8 subjects
in four different environments. The experimental re-
sults indicate that MulGaFi can achieve an impressive
average accuracy of 98.11% in these specific indoor
environments.

2. SYSTEM DESIGN

The system is comprised of two modules, namely CSI data
pre-processing and gait recognition model. The following
sections describe the comprehensive processing procedures of
each module.

2.1. CSI Data Pre-processing
2.1.1. Preliminaries

In the field of wireless communication, Wi-Fi CSI character-
izes how wireless signals are transmitted from Wi-Fi transmit-
ters to receivers through specific carrier frequencies. Specifi-
cally, CSI measurement can be represented as follow:

N
H(f,t) =) an(f,t)e 7?70, (1)

n=1

where f represents carrier frequency, N denotes the number
of propagation paths, ., (f,t) is the amplitude attenuation
factor, which represents the amplitude attenuation on the n*”
path, and 7, () represents the delay on the n'" path. Based
on this, the CSI phase can be obtained by adopting the inverse
Fourier transform of the above CSI. Notably, both the ampli-
tude and phase of CSI are subject to alterations induced by
human activities.

2.1.2. CSI Amplitude Pre-processing

In the CSI amplitude pre-processing module, we interpolate,
denoise, and reduce dimensionality on the raw CSI in turn

(a) Original phase w/o calibration  (b) Modified phase with calibration

Fig. 2. Comparison of CSI phase with/without calibration.

to get the modified CSI. Subsequently, STFT is applied to
transform the modified CSI into spectrograms. The outlined
processing procedures are as follows.

Interpolation: During the collection process of Wi-Fi
signals, it is common to encounter packet losses caused by
issues with transceiver equipment and uncertain propagation
paths. Therefore, we utilize Piecewise Cubic Hermite Inter-
polating Polynomial (PCHIP) interpolation [18], which aids
in the restoration of temporal gaps between CSI packets, to
ensure data integrity and reduce the adverse effects of packet
losses.

Noise Filtering: Due to the fluctuations in transmission
power and transmission rate of Wi-Fi signals [19], CSI mea-
surements often contain a lot of noise, leading to random vari-
ation in the amplitude of CSI, as shown in Fig. 1(a). In or-
der to address this issue, we first employ Hampel filter [20]
to detect and remove outliers in the CSI amplitude. Next,
we choose the wavelet denoising method to remove in-band
noise in CSI amplitude. Furthermore, considering the fre-
quency range of CSI fluctuations resulting from human activ-
ities typically lies between 20~60 Hz [12], we utilize But-
terworth filter to eliminate high-frequency noise and preserve
low-frequency signals associated with human walking.

Dimension Reduction: In our experiment, each CSI
physical frame provides data for 90 subcarriers. Since the
amplitude fluctuations among different subcarriers from the
same Wi-Fi antenna pair tend to exhibit similar patterns, we
utilize Principal Component Analysis (PCA) to reduce the
dimensionality of these subcarriers, enhancing computational
efficiency. Besides, based on the trade-off between PCA ex-
plained variance and our system’s performance, we retain 12
principal components in our system.

Spectrogram Generation: Finally, we use STFT to
convert the pre-processed 12-dimensional CSI data into 12-
dimensional spectrograms, as illustrated in Fig. 1(b). These
spectrograms could be regarded as 12-channel images, which
serve as the input for our system.

2.1.3. CSI Phase Pre-processing

In the presence of Sampling Time Offset (STO) and Carrier
Frequency Offset (CFO), the raw CSI phase is disordered. As
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Fig. 3. Network architecture of Our System.

depicted in Fig. 2(a), which illustrates the phase transitions of
1000 successive CSI frames, it is evident that the CSI phase
exhibits cyclic patterns and is folded. To address this issue,
we first apply a phase unwrapping process to confirm the ab-
sence of phase discontinuities of 7. Subsequently, to elimi-
nate phase shifts caused by hardware limitations, we apply a
linear transformation to the unwrapped CSI phase, mapping
it to a different range. The result of this linear transformation
on the phase is shown in Fig. 2(b), illustrating a heightened
level of intuitiveness in the phase. Currently, the modified
CSI phase serves as an additional input to our system.

2.2. Gait Recognition Model

As shown in Fig. 3, the model comprises of four network
components: a time-frequency feature extractor, a phase fea-
ture extractor, a feature fusion block and an output block.
The time-frequency feature extractor is tasked with extract-
ing gait features from spectrograms within the time-frequency
domain. The phase feature extractor is designed to receive
CSI phase data and targets the extracting of temporal features
that are relevant to human walking speed. The feature fusion
block is used to linearly fuse the features acquired from the
time-frequency and phase extractors. The output block per-
forms gait recognition using the fused features.

2.2.1. Time-Frequency Feature Extractor

The time-frequency feature extractor, denoted as F (Z spec; 7).
takes 12-channel spectrogram data Tspec as its input. The
architecture of the extractor is outlined in Table 1. It encom-
passes six CNN layers each with 3 x 3 kernel and 1 x 1
padding. Max pooling with 3 x 3 kernel and 2 x 2 stride is
applied after every two layers. Besides, to improve feature
representation and channel interdependencies, SEBlock is
employed after every max pooling. Furthermore, each layer
uses a LeakyReLU activator, and batch normalization is em-
ployed after the activator. The formula for time-frequency
feature extractor is expressed as: f = F(@spec; 0F)-

Module Layer Pooling
Conv (32@3x3)
Conv (64@3x3) Max Pooling
SEBlock
Time-frequency Conv (96@3x3)
Feature Extractor Conv (96@3x3) Max Pooling
CNN Layers SEBlock
Conv (128@3x3)
Conv (128@3x3) Max Pooling
SEBlock
Conv (128@3x3)
Output Block Conv (128@3x3)
CNN Layers Conv (64@3x3)

Global Average Pooling (64)

Table 1. Layers Structure of Our Model.

2.2.2. Phase Feature Extractor

The phase feature extractor, denoted as P(Zphase; 0p), re-
ceives CSI phase Tppase as its input, where Tphase € RELxS,
Here, L represents the number of subcarriers, and S denotes
the length of the CSI phase data corresponding to a walking
activity. This extractor employs two bi-directional GRU lay-
ers with 96 hidden units and a dropout rate set to 0.3. The
result is the temporal feature capturing CSI phase changes.
The formula for the phase feature extractor is expressed as:

ﬁ = P(mphase; H’P)

2.2.3. Feature Fusion Block

To effectively fuse these two features of different modalities,
we adopt a linear method that consumes fewer computational
resources and time. Specifically, when dealing with the phase
feature extracted by the phase feature extractor, as depicted in
feature fusion block in Fig. 3, we employ a fully connected
layer to map this feature to (2x C)-dimensional representation
(o and B), where C denotes the channel number of output f
from the time-frequency feature extractor.

Through the parameters o and 3, we fuse these features in
terms of element-wise multiplication and element-wise addi-
tion, which is expressed as: b = f ® o + 3, where b is output
of feature fusion block, and ® is element-wise multiplication.
Hence, since « and /3 are independent to the time-frequency
features, the feature fusion block can enhance our system’s
performance compared to using a single modal feature.

2.2.4. Output Block

Subsequently, the fused features are fed into an output block,
denoted as O(b;60). As depicted in Fig. 3 and detailed in
Table 1, the block begins with three CNN layers each with
3x3 kernel. Each layer utilizes a LeakyReLU activator and
applies batch normalization after the activator. Subsequently,
we employ a fully connected layer with LeakyReLU activa-
tion before performing global average pooling. The resulting
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(c) Office

(d) Utility room

Fig. 4. Experimental scenarios.

output is considered the final prediction. The formula for out-
put block is: g = O(b; 0p). Additionally, we use the cross-
entropy loss function as our model’s loss function.

3. EVALUATION

3.1. Experiment Setup

Experiment Scenarios: Considering the robustness of Mul-
GaFi across various scenarios, we set up our system in four
different scenarios, as illustrated in Fig. 4. These scenar-
ios include a corridor, an empty room, an office, and a utility
room. Within each scenario, we provide a pre-defined path
grid for volunteers to walk, as shown in Fig. 5.

Data Collection: We collect CSI data using the CSI Tool
released in [21] by Intel 5300 network card. Our setup in-
volves a Wi-Fi transmitter equipped with an external omni-
directional antenna and a Wi-Fi receiver equipped with three
external omni-directional antennas. During the data collec-
tion, we maintain a sampling rate of 1000 Hz, and the devices
operate at the 5 GHz frequency. To conduct the experiments,
we invite the participation of eight volunteers. Each volun-
teer is instructed to walk back and forth along every solid line
marked within the grid, as shown in Fig. 5. This activity con-
tinues for a duration of 20 minutes, allowing us to gather 180
minutes of CSI data for each volunteer within each scenario.

3.2. Performance Evaluation

The evaluation of MulGaFi is conducted using datasets ob-
tained from four different scenarios. In the evaluation, Mul-
GaFi demonstrates an impressive average accuracy of 98.11%
across all four scenarios. This performance underscores the
effectiveness of fusing time-frequency features with phase
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Fig. 5. walk routes of volun- Fig. 6. The confusion matrix
teers. of gait recognition

System  time-frequency model ~phase model ~MulGaFi w/o SEBlock  WifiU  AGait MulGaFi
Accuracy 92.84 90.36 96.74 90.82 9544  98.11

Table 2. Accuracy (%) of MulGaFi and Comparisons.

features. To provide further insights into the gait recognition
results, the confusion matrix is presented in Fig. 6. Within
this matrix, the diagonal entries indicate the true positive rate
for recognizing different subjects.

Additionally, we compare MulGaFi with time-frequency
model (utilizing only time-frequency feature extractor), phase
model (utilizing only phase feature extractor), our model
without SEBlock, the typical model WifiU, and the AGait
model [13] which has datasets similar to ours. As shown
in Table 2, MulGaFi demonstrates superior performance
compared to our base models (time-frequency model, phase
model and our model without SEBlock), highlighting the ef-
fectiveness of our well-structured fusion approach that fuses
CSI spectrogram features and phase features. Furthermore,
MulGaFi outperforms WifiU and AGait, underscoring its ex-
cellence in human gait recognition. Besides, we conduct an
experiment to determine the principal component retention
of PCA. we find that the first 12 principal components can
effectively explain approximately 95% of the CSI ampli-
tude data. Retaining these 12 principal components nearly
achieves optimal performance, further ensuring performance
while reducing time complexity of our system.

4. CONCLUSION

In this paper, we introduce MulGaFi, a novel multimodal-
based gait recognition system using commodity Wi-Fi de-
vices. MulGaFi operates by extracting and fusing gait-related
features from two modalities: the CSI spectrogram and the
CSI phase, which enhances the gait recognition performance.
We conduct experiments in four distinct indoor settings with
the participation of eight volunteers. The results demonstrate
the remarkable performance of MulGaFi, with an average ac-
curacy of 98.11%, highlighting the benefits of multimodal
sensing in the field of gait recognition.
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