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Abstract—Most recently, gesture recognition has increasingly
attracted intense academic and industrial interest due to its
various applications in daily life, such as home automation,
mobile games. Present approaches for gesture recognition, mainly
including vision-based, sensor-based and RF-based, all have certain limitations which hinder their practical use in some scenarios.
For example, the vision-based approaches fail to work well in poor
light conditions and the sensor-based ones require users to wear
devices. To address these, we propose WiG in this paper, a devicefree gesture recognition system based solely on Commercial OffThe-Shelf (COTS) WiFi infrastructures and devices. Compared
with existing Radio Frequency (RF)-based systems, WiG stands
out for its systematic simplicity, extremely low cost and high
practicability. We implemented WiG in indoor environment and
conducted experiments to evaluate its performance in two typical
scenarios. The results demonstrate that WiG can achieve an
average recognition accuracy of 92% in line-of-sight scenario
and average accuracy of 88% in the none-line-of-sight scenario.

I.

I NTRODUCTION

Gesture recognition has recently been a hot topic in
academia and industry for greatly promoting Human-Computer
Interface (HCI). It enables users to convey commands to
interact with devices conveniently just by performing gestures,
and thus is broadly applied in our daily life. For example,
in a smart house, people can remotely control household
equipments such as TV, air conditioner, refrigerator, by doing
simple gestures without any extral controller. Another typical
application of HCI based on gesture recognition is interactive
devices for mobile games, which set users’ hands free from
control handles.
In response to this promising trend, trendous systems
have been proposed in papers or released in the market as
commerical products. Overall speaking, these systems can be
classiﬁed into three main categories according to their designing principles, namely, vision-based systems [4], [2], [13],
[23], [32], [14], sensor-based systems [28], [19], [26], [33],
[18], [22] and RF-based systems [8], [9], [24]. Vision-based
gesture recognition systems make use of cameras and computer
vision techniques to recognize gestures. However, they are
restricted by their high dependence on Line-of-Sight (LOS)
and light conditions, as well as accompanying privacy issues,
which makes them unbeﬁtting in certain application scenarios.
Sensor-based systems employ various kinds of sensors as
gestures input interface, but require users to wear devices with
them.
RF-based systems open up new perspectives of gesture
recognition, which utilize radio frequency signals as medium
for interpreting gestures, without the requirements of LOS or
wearing any devices. In this kind of systems, indicators such

as Received Signal Strength Indicator (RSSI) [16], Doppler
shifts [24], Time of Fly (ToF) [8] have been used for distinguishing different gestures. However, these existing systems
either rely on specialized RF instruments/devices [9], [8], or
need modiﬁcations of commercial devices [24], or are overly
susceptible to interference [16], which consequently limit their
pervasiveness to a great extent.
To step further, we ask such a question: Is it possible to
design a system that can achieve robust performance based
solely on existing COTS RF infrastructures (namely, WiFi) and
devices without any modiﬁcations? In this paper, we give a
positive response to this question by proposing WiG, satisfying
the above requirements. In a high level, the design intuition
of WiG is stimulated by the observation that Channel State
Information (CSI) is a more ﬁne-grained indication of a single
signal stream, thanks to the Orthogonal Frequency Division
Multiplexing (OFDM) modulation scheme [30]. As a result,
CSI is demonstrated to be a more robust indicator even with
interference for indoor localization [34]. We envision that such
a property can be extendedly applied to gesture recognition.
The idea is straightforward; nevertheless, two key challenges remain to be dealt with in order to realize it.
First, how to extract valuable fearures of different gesrures
carried by CSI values? Essentially, a gesture recognition
process is a mapping process from the physical world to the
digital world. Thus, extracting digital features of each gesture,
represented by CSI values, is a prerequisite for this mapping
process. Although CSI is expected to present different changes
to gestures, it is non-trivial to extract the corresponding features from these noisy CSI changes to portray gestures in the
physical world.
Second, how to classify various gestures based on their
corresponding features extracted already? Although features
extracted from CSI reﬂect characteristics of gestures, they can
not be applied directly as unique ID to distinguish them. It
is because, for a certain gesture, any single feature can not
represent it completely. As a result, a remaining challenging
task is to devise a proper method which can jointly integrate
features to distinguish gestures reliably.
To sum up, in this paper, we make the following main
contributions.
•

To the best of our knowledge, this is the ﬁrst attempt
to achieve a ﬁne-grained gesture recognition only by
leveraging wireless signal feature information from
ubiquitous COTS Wi-Fi cards and a common router.

•

We introduce algorithms to detect the abnormal CSIs

978-1-4799-9964-4/15/$31.00 ©2015 IEEE

Fig. 1.

System overview of WiG

and achieve gesture recognition from COTS devices.
And we implement WiG with ubiquitous COTS WiFi cards and a common router. Experimental results
demonstrate that WiG can achieve an average recognition accuracy of 92% in line-of-sight scenario and
an average accuracy of 88% in the none-line-of-sight
scenario.
The rest of this paper is organized as follows. We ﬁrst
summarize the related work in Section 2, followed by section
3, which is an overview of wireless technology that relevant
to our work. Then in section 4 and 5, we illustrate the detailed
system design and methodology. We show the experimental
results and evaluation of the performance in section 5. Finally,
we will conclude this work and list our future work in section
6.
II.

R ELATED W ORK

In this section, we introduce the state-of-the-art work of
wireless systems and gesture recognition systems, which are
related to our work.
(1)Wireless Systems: We can classify the related work into
two parts: wireless localization and wireless motion detection.
When it comes to wireless localization, there are lots of
technologies, such as coarse-grained RSSI [21], [38], [39],
ﬁne-grained CSI [36], [34], ﬁngerprint method [35], sensorbased method and MIMO technology [34]. FILA [34] is a good
case in point, which leverages the CSI to alleviate multipath
effect on COTS 802.11 NIC. WiG builds on this prior work
but aims to achieve gesture recognition. What’s more, WiG is
relevant to wireless motion detection. With wireless technology
developing so fast, recent years have witnessed a trend in
motion detection systems, owing to existing infrastructure
without additional cost. Wi-Vi [9], Wi-See [24], All-See [16]
and WiTrack [8] can be the good examples for it, which are
based on feature information extracted form wireless signals.
They have showed the feasibility of motion detection even
gesture recognition by leveraging the wireless signals.
(2)Gesture Recognition Systems: To the best of our
knowledge, the existing gesture recognition systems can be
classiﬁed into vision-based, sensor-based, RF-based. The research of vision-based gesture recognition can date back in the
1990’s, Rehg et al. [25] used cameras to gain hand gesture. In
recent years, we can enable in-air 3D gesture-based interaction
by using depth sensing and computer vision [27]. The Xbox
Kinect [4] and Leap Motion [2] can be the typical examples of
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applications, which are examples of the successful commercial
applications. However, vision-based approaches cannot work
in dark scenarios due to the requirement of light and may
raise privacy issues, which is a very sensitive topic among the
public. With the prevalence of wearable sensing device, such
as Microsoft Band [3], Moto 360 [5] and Apple Watch [1],
we can get a rich series of signal features from them, which
help us to achieve gesture recognition. Some researchers even
use accelerometer sensors, surface electromyography(SEMG)
sensors [40], [37] and magnetic sensors [17] to recognize
different gestures. Though they can work in the dark scenarios,
they usually need people to wear additional devices, which is
inconvenient, sometimes.
Speciﬁcally, there are some approaches to achieve gesture
recognition by using radio frequency(RF) for the reason that it
is not only independent of light conditions, but also can work
in dark scenarios. Wi-Vi [9] uses ISAR technology to detect
motions. Wi-See [24] extracts Doppler effect to recognize
the gestures. All-See [16] and WiTrack [8] achieve gesture
recognition based on home-made hardware or USRP [6]. Can
we achieve a gesture recognition only by leveraging wireless
signal feature information from ubiquitous COTS Wi-Fi cards
and a common router instead of USRP or expensive WARP [7],
[20] or some home-made hardware [16], [8]? In this paper, we
present algorithms that allow us to extract feature information
of gesture without additional devices based on COTS Wi-Fi
cards.
III.

OVERVIEW OF W I G S YSTEM

In this section, we ﬁrst brieﬂy introduce the background
knowledge of OFDM system and CSI value from it which is
the foundation of WiG system, then give an overview of the
system.
A. Background
Orthogonal Frequency Division Multiplexing(OFDM) [31],
[35] is a multi-carrier modulation scheme that is used for
the wireless and telecommunications standards, such as IEEE
802.11a/g/n. In OFDM system, the incoming data stream is
split into multiple narrow and orthogonally overlapped subcarriers, as depicted in Fig.2. Then the data on each subcarrier
is modulated and converted to time domain via an inverse Fast
Fourier Transform(IFFT), followed by paralled to serial(P/S)
and digital to analog(DAC) conversion process. The analog
signals are summed to give the transmission signal. On the
receiver, the signals are sampled, passed on to a demodulation
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process chain and digitized by analogue-to-digital converters(ADCs). Next, the FFT procedure processes the data sample
blocks to convert back into the frequency domain.
In OFDM system, channel response can be extracted in
the format of Channel State Information(CSI) [15], which
is a ﬁne-grained PHY layer information that estimates the
channel property of a communication link at the subcarrier
level. Further, CSI reveals a set of channel measurements
describing the amplitudes and phases of every subcarrier and
the combined effect, for instance, fading, scattering, and power
decay with distance, which helps us to analyze the signal
propagation while performing the gestures.
From prior work, we can know that in a narrowband ﬂatfading channel, the OFDM system in frequency domain can
be modeled as

CSI variance of different subcarriers in the same stream

In the meanwhile, the DP collects the CSI information and
sends to further analysis.
As depicted in the Fig.3, There are six functional blocks
in the software area, i.e., CSI data collection, CSI data preprocessing, Birge-Massart ﬁlter, LOF anomaly detection, features
extraction and SVM classiﬁcation. Since the wireless signals
can be affected by the change of environment, the noise should
be ﬁltered out. After CSI data preprocessing block, we choose
birge-massart method to denoise the wireless signal. Then WiG
performs LOF anomaly detection algorithm to detect outliers
in time series, followed by feature extraction, which helps us
to obtain characteristics of gesture. At last, a SVM classiﬁer
is used to classify the gestures which have been performed.

IV.
Y = HX + N

(1)

where Y and X are the received and transmitted vectors,
respectively, and H and N are the channel matrix and the
noise vector which is named as additive white Gaussian noise,
respectively. According to (1), the value of H can be estimated
as
Y
(2)
Ĥ =
X
CSI of a single subcarrier is mathematically deﬁned as
h = |h|ej sin ∠h

(3)

where |h| is the amplitude while the ∠h is the phrase of each
carrier.
B. Overview of WiG System
WiG is a wireless system that enable commercial Wi-Fi
devices to recognize people’s gestures based on the WLAN
infrastructure without additional deployment or home-made
hardware or other special devices. WiG leverages CSI information to achieve gesture recognition in indoor scenarios. On the
whole, WiG includes hardware performing as gesture sensing
and software acting data analysis. Fig.3 gives an overview
of the system. In our design, WiG consists of two hardware
elements: a common router acted as access point(AP), a
desktop with off-the-shelf wireless cards(e.g., Intel 5300 NIC)
as detecting point(DP). The AP propagates wireless signals
while the person performs gestures between the AP and DP.

M ETHODOLOGY

In this section, we elaborate the methodology of WiG
relied on six functional blocks as mentioned before, i.e., CSI
data collection and preprocessing, Birge-Massart ﬁlter, LOF
anomaly detection, features extraction and SVM classiﬁcation.
Based on Fig.5, the methodology of WiG system can be broken
down into four following steps.

A. CSI Data Collection and Preprocessing
We start by using a desktop(DP) equipped with Intel 5300
NIC to receive the beacon message from the AP in the indoor
scenario. From the DP, we obtain the raw CSI data based on
OFDM system. Since multiple antennas can bring spatial diversity in wireless communication system, MIMO technology
has been employed in IEEE 802.11n/ac devices. In terms of
communication theory, the capacity of a MIMO channel is
min{m, n} times of a corresponding channel with a single
antenna, where m and n are the number of antennas of receiver
and transmitter, respectively. In order to get more information
about CSI, we use MIMO technology for multiplying the
capacity of a radio link using three antennas for transmitting
and two antennas for receiving to form a 3×2 MIMO system
to exploit multipath propagation. As a result, the CSI data
can be divided into 6 streams and has 30 subcarriers in each
stream while we can expect better accuracy with additional
CSI information. Speciﬁcally, there are 180 groups of CSI data
from each packet, which can be described in the following
format:

⎡

H1,1
⎢H2,1
CSI = ⎢
⎣ ..
.
H6,1

H1,2
H2,2
..
.
H6,2

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

⎤
H1,30
H2,30 ⎥
.. ⎥
⎦
.
H6,30

(4)

where Hi,j is the CSI value of each subcarrier and in Hi,j ,
i is the indicator of stream and j is the indicator of subcarrier
number.
In Fig.4, the blue line refers to the CSI in the 1th subcarrier
of a stream, while the red one represents for the CSI of the
3th subcarrier in the same stream. Maybe the absolute value of
the two CSIs are different, they have the similar pattern under
the inﬂuence of gesture motions, which help us to analyze and
recognize different gestures.
B. Birge-Massart Filter
The CSI can be the raw data that with some random noise
for the reason that the wireless signal may be affected by the
change in the indoor environment such as air pressure and
temperature. As a result, we apply a wavelet-based denoising
scheme to remove any random noise and smooth the CSI data.
Compared with fourier-based denoising method, it captures
both frequency and time domain information. The denoising
key idea is to conserve only the greatest wavelet coefﬁcients
and put the noise at zero in thresholding step before reconstruction of the signal. The selection of the threshold is so import in
denoising that we choose the non-parameter adaptive density
estimate theory of Birge-Massart [10], which is provided by
Birge and Massart in 1997. We can get the threshold from the
following rules.
1)Let m be the decomposition level, to decompose the
signal in p layers and reserve all coefﬁcients in the p + 1
layer;
2)To the coefﬁcient of the q layer(1≤ q ≤ p), reserving the
maximal absolute value of nq coefﬁcients by equation(5).
nq = M (p + 2 − q)b

(5)

where M and b are the length of the ﬁrst layer decompose
coefﬁcients and 3 in the denoising situations, respectively.
C. LOF Anomaly Detection
After CSI data processing phase, we obtain the cleaned
CSI data. Then anomaly detection should be performed, which
plays an important role in the overall performance of the WiG
system while is full of challenge. On one hand, we should
detect the anomaly segment corresponding to gestures exactly.
On the other hand, the pattern of gestures are not always the
same for the reason that we may perform at different speed or
at different range at each time. For example, when we keep
on performing the same gesture for about 50 times, we may
feel tired and slow down the speed.
In order to solve the problems, we choose Local Outlier
Factor(LOF) [11] based anomaly detection algorithm to detect
the anomaly segment. LOF was ﬁrst put forward by Markus et
al. to detect the anomalous data points based on the method of
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comparing the local density of an object to the local densities
of its neighbors. Previously, We introduce some basic concepts
such as the k-distance of an object p and the reachability
distance of p w.r.t. object t to pave the way for LOF.
Let k and S be a positive integer and a set of data points,
respectively. The k-distance of an object p is called k-D(p)
and D(p, x) means the distance between p and x. They can
be deﬁned as:
1)There are at least k objects in S when x ∈ S\{p},
D(p, x) ≤ k-D(p).
2)There are at most k − 1 objects in S when x ∈ S\{p},
D(p, x) < k-D(p).
Then comes the reachability distance of p w.r.t. t, named
R-Dk (p, t). The reachability distance between p and t can be
modeled as:
R-Dk (p, t) = max(k-D(p), D(p, t))

(6)

where D(p, t) describes the distance between p and t.
Based on the above concept, the local reachability density
of an object p is deﬁned as
Lrd(p) =



k
R-D
k (p, x)
x∈k(p)

(7)

where k(q) is the set of k − nearest neighbors of p. From
equation(7), we know that Lrd(p) is the inverse of the average
reachability distance of object p from its neighbors. More
speciﬁcally, it reveals the density of these points around p.
The more dense, the closer they are to p. In other words, p
has less possibility to be a outlier.
Local Outlier Factor of an object p is deﬁned as

Lrd(o)
LOF (p) =

o∈k(p) Lrd(p)

k

(8)

Fig. 6.
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Fig. 7.

None-line-of-sight Scenario

From the equation(8), we know that LOF is the ratio
of average of local densities of p s neighbors to the local
reachability density of p. It is not hard to ﬁnd that LOF
demotes the degree of outlier-ness.The higher the local reachability densities of p s neighbors are and the lower p s local
reachability density is, the highter is the LOF value of p.

Since the objective function is a quadratic function, which
can be solved by using Lagrange multipliers, we can get the
the Lagrangian function of it as

D. Features Extraction and SVM Classiﬁcation

Based on the quadratic programming, we can obtain the
λi , w and b. According to SVM, a discriminant function can
be deﬁned as:

After the above steps, we obtain the anomalous data
series, which are caused by different gestures. Now it’s of
importance for us to extract the features that can stand for
different gestures from the anomaly data series. Based on
lots of experiment, we choose the follow features: (1)the
mean value(MEAN) of the anomaly patterns, (2)the standard
deviation(STD) of the anomaly patterns, (3) the median absolute deviation(MAD) of the anomaly patterns, (4)the max
value(MAX) of the anomaly patterns. Fig.8 shows the examples of the four features of some gestures.
As we have extracted the most representative features of
different gestures, we should choose a correct classiﬁer to recognize gesture signatures. In this paper, we apply the Support
Vector Machine(SVM) [29] to classify different gestures. In
machine learning, SVM is a supervised learning models that
usually involves separating data into training and testing sets.
In training sets, each instance contains several features called
attributes and one target value named label. The main idea of
SVM is to train a model that can predict the label of the test
data given by its attributes. As a result, We select a subset of
representative gesture data sets to train a model.
To put it simply, a SVM constructs a hyperplane, by which
a good separation is achieved that has the largest distance to
the nearest data point of any class. However, the data sets
are not always linearly separable in original space. Therefore,
the original space is required to be mapped into a higherdimensional space, which can discriminate the data sets. The
non-linear SVM model can formally described as:
2

w
min
w
2

(9)

subject to yi (w · (Φ(xi ) + b)≥1, i = 1, 2, · · · , N
where xi = (xi1 , xi2 , · · · , xid )T is corresponding to the
attributes of the ith sample and w is the parameter of SVM
model.

n

LD =

λi −
i=1

1
2

λi λj yi yj Φ(xi ) · Φ(xj )

(10)

i,j

f (z) = sign(w · Φ(z) + b)

(11)

n

λj yj Φ(xi ) · Φ(z) + b)

= sign(

(12)

i=1

On account of keeping equation(12)’s computational load
reasonable, kernel function is introduced to solve this problem.
In this paper, we choose the radial basis function(RBF) kernel
that can nonlinearly map samples into a higher dimensional
space, so it can deal with the case that the class attributes and
labels are not linear.
Generally speaking, SVM is designed for binary classiﬁcation. But in our system, there are different gestures to be
classiﬁed. Here we choose LIBSVM, a open source machine
learning libraries written by Chang and Lin for classify.
LIBSVM [12] applys a method named one-against-one method
to construct k(k − 1) classiﬁers where each one is trained on
data from two classes to classify these two classes and k is
the number of classes. Then a voting strategy is used to help
us predict the test data.
V.

E XPERIMENTATION A ND E VALUATION

In this section, we ﬁrst introduce the prototype implementation of WiG and describe the details of experimental settings.
Then we evaluate the performance of WiG.
A. implementation
1) Hardware and sofware: In our experiment, the proposed
methodology is implemented on TL-WR882N router manufactured by TP-LINK technologies CO.,Ltd. as the transmitted
AP and a LENOVO desktop with 3.2GHz Intel(R) Pentium 4
CPU and 4G RAM. The desktop is equipped with Intel 5300
NIC as the receiver. The AP runs in the 2.4GHz frequency
and has three antennas while the desktop has two antennas.
As a result, they can form 3 × 2 MIMO system to achieve
spacial diversity. Based on the method proposed by Dan [15],
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Features of different gestures.

we modify the driver to collect CSI values from Intel 5300
NIC.
As for software in our system, to accomplish the task of
data collection and analysis, our testbed runs 32-bit Ubuntu
Linux, version 10.04LTS of the Desktop Edition to collect
CSI data, which is a ﬁne-grained PHY layer information that
describes the channel property of a radio frequency link at the
subcarrier level and leverages MATLAB 7.11.0 (R2010b) to
analyze CSI data.
2) Experiment scenario: We conduct experiments to show
the performance of WiG system in two typical indoor scenarios
in the research laboratory of Shenzhen University as follows:
1)Line of sight: Firstly, we set up a testbed in a 5m×
6m single room. The AP is placed in the bookshelf. The DP
continuously pings packets from AP at the rate of 100 packets
per second. The volunteers perform predeﬁned gestures on the
line of sight range between AP and DP(Fig.6). Specially, we
make gestures in front of the receiving antennas for very close
distance to reduce the irrelevant multipath effects.
1)None line of sight: Secondly, the experiment is conducted in a a place that covers two rooms. The AP and DP
are separated by a wall(roughly 10cm). The volunteers are
on the same side as the DP(Fig.7). They perform the same
gestures as before.
B. Evaluation
We use confusion matrix, which each column represents
the instances in a predicted class and each row represents the
instances in an actual class, to evaluate the performance of
WiG system.
1)WiG’s Performance in Line-of-sight Scenario: We investigate the performance of WiG in the Line-of-sight scenario.
Fig.9(a) shows the gesture recognition results in the form
of a confusion matrix. The average recognition accuracy(i.e,
the true positive rate) of four gestures is about 92%, which
indicates that all the predeﬁned gestures can be recognized

Results of two different Sce-

with high accuracy. What’s more, it reveals that we can achieve
a ﬁne-grained gesture recognition by leveraging wireless signal
feature information from ubiquitous COTS Wi-Fi cards and a
common router.
2)WiG’s Performance in None-line-of-sight Scenario: We
also evaluate the performance in the none-line-of-sight scenario. Fig.9(b) shows the confusion matrix of it, which can be
clearly shown that the average accuracy of gesture recognition
even in such a none-line-of-sight scenario can remain relatively
high, with a average value of 88%. In addition, compared
to the line-of-sight case, there is only slight performance
degradation of 4%. Though the thick wall and multipath
effects have some negative inﬂuence on the accuracy of gesture
recognition, applying the wireless signal feature information
and matching algorithm, we still get a acceptable accuracy
of gesture recognition, which ensures the robustness of this
system.
VI.

C ONCLUSIONS AND F UTURE W ORK

In this paper, we propose to accomplish gesture recognition
by leveraging a more ﬁne-grained indicator Channel State
Information (CSI), which can be output by COTS WiFi devices
without hardware modiﬁcation. WiG precedes other relevant
systems with a key property that WiG achieves a relatively high
accuracy in gesture recognition without any specialized devices
and hardware modiﬁcation. We implemented WiG by carefully addressing feature extraction and gestures classiﬁcation
problems. Experimental results show that WiG can achieve an
average accuracy of 92% in LOS scenario and 88% in NLOS
scenario. Moreover, Our experimental results show that WiG
can achieve sufﬁcient accuracy with the proposed CSI-based
features.
In the perspective of future research, we intend to recognize
more different gestures. Furthermore, we may try to recognize
gestures of different objects. Since 802.11ad operates in the 60
GHz band, it has more bandwidth than what’s available in the
2.4 GHz and 5 GHz bands combined. Additionally, 802.11ad

can use directional antennas to focus the radio beam into a
six-degree angle, which can not only improve the accuracy of
gesture recognition, but also be used for in-room applications.
We leave this more interesting and challenging topic as our
future work.
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