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Abstract: Recently, WiFi-based gesture recognition has attracted increasing attention. Due to the
sensitivity of WiFi signals to environments, an activity recognition model trained at a specific place
can hardly work well for other places. To tackle this challenge, we propose WiHand, a location
independent gesture recognition system based on commodity WiFi devices. Leveraging the low rank
and sparse decomposition, WiHand separates gesture signal from background information, thus
making it resilient to location variation. Extensive evaluations showed that WiHand can achieve an
average accuracy of 93% for various locations. In addition, WiHand works well under through the
wall scenario.
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1. Introduction

With the rapid development of Human–Computer Interaction (HCI) technologies, gesture
recognition is gaining increasing attentions. During the past years, gesture recognition has been
widely deployed in many areas including tracking and detection [1–3], pattern understanding [4,5],
health fitting [6] and other industrial or academic areas [7]. Unlike conventional HCI methods such as
keyboards, mouses or touch screens, gesture recognition can deal with human–computer interaction
remotely with no additional devices. Specifically, gesture recognition is very suitable for future
applications such as smart home and virtual reality. Numerous applications [8–12] have been proposed
for smart home and virtual reality. It is more convenient and relaxing for people to interact with
machines using gestures, thus making gestures a great potential for the future HCI technology.

During the past decades, many efforts have been devoted to the development of gesture
recognition. Vision-based methods [13–19] try to deploy image processing technologies to process
gesture image sequences captured by the video. Despite its high accuracy, vision-based methods are
limited to the light conditions and computation costs. Inferred-based technologies can achieve high
precision recognition accuracy without the restriction of the light condition. Applications using the
inferred technologies, for example, the Microsoft Kinect [20] and Leap motion [21], both achieve great
success. Sensor-based technologies deploy various kinds of special sensors such as accelerometers to
capture an individual’s gesture. For example, TEXIVE [22] employs intelligent sensors to detect driving
activities. This technology can recognize fine-grained activities but its installation is inconvenient and
the cost is high.

Recently, WiFi-based gesture recognition has attracted a lot of attention for its ubiquitousness
and effectiveness. In 2013, Pu proposed Wisee [23] which uses the doppler shift resulted from gesture
as the feature to recognize nine gestures. However, Wisee uses customized software defined radio
devices which cannot be deployed directly on existing WiFi devices. WiGest [24] uses the received
signal strength (RSS) value to detect five gestures, which are defined as five different operations of
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the computer. Since RSS only reports one value a time, it can hardly achieve fine-grained recognition.
In addition, its detection range is limited. WiG [25], WiFinger (UbiComp 2016) [26], and WiFinger
(MobiHoc 2016) [27] all focus on utilizing the channel state information (CSI) feature to recognize
gesture. They use different features to recognize the gestures. However, their detection range is limited.
Mudra [28] takes advantages of the multiple antennas and proceeds signal elimination, thus making it
possible to sense subtle actions without training. However, Mudra uses two antennas and the distance
between two antennas should be larger than 10 cm, thus making it hard to deploy on commodity
devices, especially on mobile devices.

Compared to conventional gesture recognition methods, WiFi-based gesture recognition has many
advantages. Device-free: There is no need to carry any devices or sensors when dealing with gesture
recognition base on WiFi signals. Once WiFi signals exist, you can utilize it to recognize gestures.
None-line-of-sight (NLOS) recognition: As WiFi signals can propagate through walls and obstacles,
it is obvious that WiFi based gesture recognition can still be effective even under NLOS condition.
No restrictions on light conditions: Unlike vision-based methods, WiFi-based gesture recognition can
be effective under different light conditions even in dark environment. Easy to deploy: According to
Cisco’s latest report [29], there will be 542.6 million WiFi access points in 2021. We can deploy WiFi
based gesture recognition easily on existing WiFi devices.

While state-of-the-art systems obtain reasonable performance in their given scenario, there is a
key limitation considering the existing gesture recognition systems based on commercial WiFi devices.
As we all know, although different methods are used in these systems, they follow similar procedures:
collecting the wireless signal data between the transmitter and receiver and analyzing the information
it contains, then we can infer the actions of the person. However, the wireless signal we collected not
only contains the action information but also the unique features of the environment where the action
is performed. As a matter of fact, the action recognition model trained on a specific environment can
hardly perform well on actions collected in a different environment.

To address this challenge, we propose WiHand, a location independent gesture recognition system
based on commodity WiFi devices. To resist the influence of environment variation, we try to separate
the gesture signal from the background information, thus minimizing the influence of the environment.
The key component of WiHand is the low rank and sparse decomposition (LRSD) algorithm. The most
remarkable characteristic of this algorithm is that it can separate the background information and
the noise. It has been widely used in the image processing area [30,31]. We have to clarify that our
methods are quite different from those in [32,33]. Jiang et al. [32] used deep learning based methods
to extract environment independent features. Virmani and Shahzad [33] used a translation function
that can generate virtual samples for different positions to realize position agnostic recognition. They
are both labor intensive and energy consuming, thus making it difficult to deploy on mobile devices.
WiHand uses the LRSD algorithm to extract location independent gesture signal. With general
classifiers, we can accomplish the recognition task.

To implement WiHand, we encountered several technical challenges. The first one is that the
signal we collected is continuous, in which contains the gesture segments. We have to detect the
boundary of the gesture signal and extract it for the followup procedures. The second one is that the
subcarriers of the WiFi channel encounter different fading schemes in different environments. As we
can learn from Section 3, there are 168 subcarriers in WiHand system. There is no need to input all
of them into the classifier, since they all represent the same gesture. What we have to do is to choose
the most affected subcarrier for recognition during environment variation. The third challenge is to
make WiHand resilient to the environment change. We try to separate the gesture signal from the
background information to make it stable under various environments.

There are three main contributions in this paper. Firstly, we propose a deviation based gesture
signal extraction algorithm utilizing the deviation changes of different subcarriers. Second, we
propose an adaptive subcarrier selection algorithm, which can automatically choose the most affected
subcarriers for sensing. Third, We propose WiHand, a location independent gesture recognition system
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based on commodity WiFi signals. Taking advantage of the low rank and sparse decomposition
algorithm, we separate the gesture signal from the background information.

We built a proof-of-concept prototype of WiHand on commodity WiFi devices including two
desktop computers equipped with TP-Link TL-WDN 4800 wireless NIC. Extensive evaluations showed
that WiHand can achieve fine-grained gesture recognition under various environments without
retraining. Even under through the wall scenario, WiHand shows satisfying performance.

The rest of this paper is organized as follows. Section 2 introduces some gesture recognition
related technologies. Section 3 introduces some preliminaries of WiFi sensing and makes detailed
instructions on our problem. Section 4 describes the design details of the WiHand system. Section 5
presents the extensive evaluations of WiHand under various scenarios. We conclude the paper in
Section 6.

2. Related Work

Radio-based Activity Recognition.Radio-based activity recognition is a recently developed
recognition technology relying on the development of signal processing technology. Based on the
extraction of the characteristic pattern of the multi-path superimposed wireless signals generated
by specific activities, activity recognition can be achieved through identifying and interpreting these
patterns. Many studies focus on the recognition of activities. Scholars of Rutgers University proposed
E-eyes [34], which tries to conduct the recognition of a continuous sequence of actions. WiZ [35]
was proposed by Dina Katabi at MIT. It uses the multi-antenna processing technology to enable
the concurrent recognition of two or more users’ actions. Sigg conducted a research of multi-user
concurrent actions recognition technology based on K-nearest neighboring method [36]. Zhu [37]
proposed a novel scheme for robust device-free through the wall detection of a moving human with
commodity devices.

Gesture Features Extraction Methods. Most of the existing gesture recognition approaches share
the same scheme of extracting gesture features and training models for recognition. Sigg [36,38] used
statistic features for classification, i.e., mean value, variance, kurtosis, skewness and so on. Besides,
some works [39] try to utilize convolutional neural network (CNN) network to extract hyper-level
feature from the original signal. In addition, there are many different feature extraction methods in
areas of gesture tracking and understanding fields [40–46].

3. Basic Idea

The key insight of WiFi based sensing is to analyze the signal fluctuations caused by human
actions. However, WiFi signals are not only affected by the human body, but also the surrounding
environments while propagating across space. In consequence, the model trained by data collected in
a specific environment can hardly work well in a new environment. In this section, we show how the
environments affect the signal and introduce our basic idea.

3.1. Channel State Information

We take advantage of the most widely used Channel State Information (CSI) to collect gesture
data. CSI indicates the channel link states in wireless multiple input multiple output (MIMO) systems.
We can get CSI data from commodity devices using customized hardware drivers. CSI is sensitive
to the variations of the channel link. Compared to other signals, for example , USRP or RSS, CSI is
fine-grained and has a relatively small size. By analyzing the CSI value, we can infer the condition
of the link and further infer the corresponding actions. The CSI can be formulated as Equation (1) in
frequency domain. It is also called Channel Frequency Response (CFR).

H( f ; t) =
N

∑
n

an(t)e−j2π f τn(t) (1)
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where an(t) is the amplitude attenuation factor, τn(t) is the propagation delay and f is the carrier
frequency. CSI captures the characteristic of the surrounding environment including the furniture
and human movements. In WiHand, we have one transmitting antenna and three receiving antennas.
Each has 56 subcarriers. Then, the CSI we receive is a three-dimensional matrix. For each package, we
can get a CSI matrix, as shown below:

Hi,j =

h1,1 h1,2 h1,3 . . . h1,56

h2,1 h1,2 h1,3 . . . h1,56

h3,1 h3,2 h3,3 . . . h3,56

 (2)

3.2. Problem Statement

The signal collected at the receiver side contains information from the environment. Change
of location means the change of corresponding surroundings, which makes great difference in the
propagation of signals. The effect of reflection, diffraction, multipath and so on will be changed during
the variation of location, thus making the received signal different from the original one. As shown in
Figure 1a, changes of location can result in totally different waveform for the same gesture.
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(a)Gesture signal of Action 1 in different environments.
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(b)Average CSI amplitude of subcarriers in different
environments.

Figure 1. The influence of different environments on the CSI.

To realize location independent recognition, we first have to understand how the environment
affects the gesture signal. Overall, the received signal may encounter changes from two aspects.
The one is that the received signal may encounter different fading schemes on different subcarriers.
As shown in Figure 1b, the average amplitude of CSI on each subcarriers changes with the location
variation. That is the extent of how each subcarrier is affected changes with the variation of location.
The other one is that the superposition of new multipath or reflection path may result in total different
waveform, which is very different from the original location. As shown in Figure 1a, the same action
may result in different waveforms under different environments. To achieve location independent
recognition, we need to first select the subcarrier which is affected severely by the gestures and then
extract features which are less affected by the environment.

4. Design Details of WiHand

4.1. Overview

WiHand harnesses the commodity WiFi devices to realize location independent fine-grained hand
gesture recognition. The five gestures we chose are shown in Figure 2. They are all hand gestures that
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are repeatedly used in many scenarios. We performed the gestures between the transmitter and the
receiver and recorded the corresponding CSI data streams.

2

1

1
2

2

1

21

 a  b  c

 d  e

Figure 2. The five hand gestures: (a) pushing and pulling (PP), firstly pushing your hand to the front
and then pull it back; (b) waving left and right (WLR), firstly waving your hand to the left and then to
the right; (c) waving up and down (WUD), firstly waving your hand up and then down; (d) stretching
each finger (SF), pushing your hand and at the same time stretching each finger; and (e) circling
clockwise (CC), using your hand to draw circle with a clockwise manner.

We can further get an overview of the WiHand system in Figure 3. According to the signal
processing procedure, we can divide the WiHand system into four parts.

• Preprocessing. The CSI data collected from the commodity devices contain random noise. We
should filter out the signals that are out of the frequency range of hand gestures. In addition, the
time interval of the packages is not strictly equal. We should use interpolation to make the CSI
stream more related to the gestures.

• Gesture Detection. The CSI streams are continuous; we should detect if there is a gesture being
acted and at the same time extract the gesture related segments generating corresponding gesture
profiles. With the standard deviation based algorithm, we can easily detect the appearance of
gesture signal.

• Feature Extraction. To recognize the gestures, we need to first use the binned entropy based
subcarrier selection algorithm to find the most affected subcarrier. Then, we take advantage of the
low rank and sparse decomposition (LRSD) algorithm to extract location independent gestures
signal from the original signal. Then, we extract features from the signal using the histogram.

• Classification. We use a one class Support Vector Machine (SVM) classifier to recognize the
gestures. Firstly, collected gesture data are used to train a SVM machine. Then, the SVM machine
is used to recognize the newly arrived gestures.
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Figure 3. Outline of the WiHand system.

4.2. Preprocessing

Raw CSI streams contain noise and outliers which may seriously affect the recognition results. By
preprocessing, we try to eliminate all the noises and outliers that are not related to gestures.

There are mainly two kinds of noise in the CSI stream. One is caused by hardware errors during
transmitting and receiving, such as cyclic shift diversity (CSD), sampling time offset (STO), sampling
frequency offset (SFO) and beamforming. This kind of noise mainly causes phase offsets and introduces
high frequency components to the CSI. Firstly, we use the amplitude of the CSI stream as the gesture
signal and eliminate the phase offsets. Secondly, we apply the low-pass filter to eliminate high
frequency components. The detailed instruction of how the low-pass filter is designed can be found
in Section 4.2.2.

The other noise is caused by the furniture or other moving persons. Here, we only consider
interferences from the other rooms. The scenario of multiple persons in the same room is out of the
scope of this paper. According to Zeng et al. [47], we can calculate the delay profile of multi-paths.
Firstly, we convert the CSI to channel impulse response (CIR) and get the power delay profile (PDP)
of multi-paths. Then, we remove the multi-path components with delay more than 0.5 millisecond.
This threshold is chosen based on previous research of [48]. Afterwards, we can get the CSI without
interferences by converting the CIR back to CSI with fast Fourier transform (FFT).

Apart from the above processing procedures, there are still several steps to perform to remove
the noise of the CSI stream. Next, we l look deep into the process of preprocessing and give details
instructions on each of the step.

4.2.1. Outliers Removal

The original CSI data contain many spikes which are caused by many reasons. The spikes heavily
affect the features extracted from the raw CSI signals. Thus, we have to remove the spikes from the
raw CSI signals.
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We use the Hampel identifier algorithm proposed in [49] to remove all the abnormal points. Here,
we define all the points that out of the range of Equation (3) ass outliers.

[µ− γ× σ, µ + γ× σ] (3)

where µ is the mean value of the signal, σ is the standard variance, and γ is the removing factor. The
value of γ can be various in different scenarios. According to Li et al. [26], we set the value of γ to be 3,
which is the most widely used one in similar works.

As shown in Figure 4b, the original CSI streams contain many spikes. With outlier removal, we
can remove all the outliers and get a relatively clear CSI stream.

4.2.2. Low-Pass Filtering

The frequency of the hand gestures is relatively low. The collected CSI contains high frequency
components which affects the accuracy of detection. We need to remove such noise components with
low-pass filter. Considering the frequency range of the movements, there is currently no uniform
standard. Table 1 shows the frequency range adopted in other research works. Referring to these
values, with experiments, we chose the Butterworth low-pass filter to remove frequency higher than
60 Hz, which could get the best performance.

Table 1. Frequency range of common activities.

System Activities Frequency Range (Hz)

CARM [50] body movements 0.15∼300
WiSee [23] hand gestures 8∼134

WiFinger [27] hand gestures 0.2∼5
WiFinger [26] ASL gestures 1∼60
WiWho [47] gaits 0.3∼2
WiFi-ID [51] walking behavior 20 ∼80

UniBreathe [52] respiration 0.1∼0.5
WiHear [53] mouth 2∼5

Zeng [54] shopping behavior 0.3∼2

With low-pass filtering, we can eliminate much of the noise and get CSI streams that are more
related to the gestures. The result of low-pass filtering is shown in Figure 4c. It is obvious that, with
low-pass filtering, we can get a smoother CSI stream.
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(a)The original signal.
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(b)Signal after outliers removal.
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(c)Signal after low-pass filtering.

Figure 4. The results of preprocessing.

4.2.3. Interpolation

According to our observations, the CSI packages we received are not with equal time interval.
Transmitting delay, receiving delay and decoding delay all heavily affect the CSI time. Besides, due to
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package loss, the length of CSI segments varies with time. Figure 5 shows the cumulative distribution
function (CDF) of the time interval between CSI packages. In the figure, we can see that about 90% of
the intervals are equal. The rest are with randomized value. That is, for the same gestures, we may
receive CSI with different length.
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Figure 5. The CDF of time intervals for the received CSI packages.

We need to make the interval equal to make the CSI streams represent hand gestures well.
To realize this procedure, we add a time stamp to every transmitted CSI package. We propose a
time-dependent interpolation (TDI) algorithm which can smartly interpolate points according to the
time stamp and the preset sampling rates.

The TDI algorithm is shown in Algorithm 1. For every received packet, we first calculate the time
interval between the current packet and the previous one. We set the window size of the detection to
be 0.2 s. Based on the intervals between packages, we can evaluate the actual sampling rate. Then, we
make the resampling according to the standard sampling rate. The resampling procedure contains the
interpolation and down-sampling operations. The practical coefficients are determined by the real
time interval and the sampling rate.

Algorithm 1: Time-dependent Interpolation (TDI) Algorithm.
Data: Input: sampleRate = 2500

1 Set the sampling rate;
2 while 1 do
3 CSI = readCSI();
4 Reading CSI Matrix from the drivers;
5 csiTime(i) = CSI(i).timeStamp;
6 Interval = mean(di f f (csiTime));
7 newCSI = RESAMPLE(CSI, sampleRate, Interval);
8 end

4.3. Deviation-Based Gesture Boundary Detection

After preprocessing, we already get smoothed CSI that contains the gesture information. However,
as the CSI is continuously collected, we need to further segment the CSI streams to extract the segments
that contain exactly the gesture information. According to our observations, the main evidence of
gesture appearance is that the CSI signal becomes fluctuant.

We tried to calculate the average standard deviation of all the subcarriers to figure out where the
standard deviation can reflect the emergence of gestures. Figure 6 shows that the standard deviation
changes with the subcarrier CSI. The top figure is the preprocessed CSI streams of all 168 subcarriers.
The bottom figure is the average standard deviation of all the 168 CSI streams. We can learn that
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the standard deviation between the subcarriers are steady when there are no gestures. Once we do
gestures, the standard variance starts fluctuating.

According to this observation, we firstly calculate the standard deviation of all the subcarriers
and get the average standard deviation. Then, we set a threshold of the standard deviation. With a
threshold, we can figure out when the gestures start and end. However, the problem is that there are
values under the threshold within the gesture signal. We further calculate the gradient of the standard
deviation and set a threshold to extract the gesture signal.

Gesture Start Gesture End

Figure 6. The average standard deviation of the gesture signal.

4.4. Binned Entropy Based Subcarrier Selection

Due to the location variation, subcarrier may encounter different fading situation. That is to say,
the extent of how the gestures affect different subcarrier changes with the location variation. We need
to select subcarriers whose signal are highly related to the gestures. Firstly, we need to define a metric
which can measure the extent of the impact of gestures on the subcarriers.

We propose a binned entropy based adaptive subcarrier selection algorithm. The binned entropy
is defined as follows:

binned_entropy(X) = −
min(maxbin,len(X))

∑
k=0

pk ln(pk) (4)

where pk represents the probability that the value of XT is within the kth bin. maxbin means the
number of bins. len(XT) = T stands for the length of series XT .

The value of binned entropy represents the information contained in the signal series. If the value
is large, the signal contains lots of information. Otherwise, it contains less information. In our scenario,
the value of binned entropy stands for the importance of the subcarrier. We adaptively calculate the
binned entropy of each subcarrier, and then choose the subcarriers with larger entropy.

Firstly, we calculate the binned entropy of each subcarrier. The function is defined as Equation (4).
It can measure the affection of gestures to each subcarrier very well. When the binned entropy is large,
the subcarrier is severely affected by the gestures. Through this algorithm, we can select the subcarriers
that are most affected by the gestures, thus making it possible to improve the detection accuracy.

4.5. Feature Extraction and Classification

With the above steps, we already get smooth CSI segments that contain gesture information. Most
of the existing works try to extract features directly from such CSI segments using statistics features or
frequency domain features [55–61].

However, for the location variant scenario, one has to resist to the influence resulted from the
location change. As mentioned in the Introduction, there are mainly two kinds of consequences caused
by the location change. One is the subcarrier fading mode change, the other is signal waveform change.
For the subcarrier fading variant, we propose an adaptive subcarrier selection algorithm which can
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always choosing the most affected subcarriers from all 168 subcarriers. For the waveform change, we
use low rank and sparse decomposition algorithm to separate the gesture signal from the background
one, thus making is possible to get relatively stable waveform for each gesture. Below, we introduce
how to separate gesture signal from the background information in detail.

4.6. Gesture Feature Extraction

We obtain from the above procedures a smooth CSI segments containing gesture information.
In the conventional case, we can extract features from the segments directly. Under the scenario of
location variation, if we extract features directly from the processed segments, it may perform well
within one specific place. However, it cannot perform well in a different place. It is the information
of the environment that contains in the signal affects the performance of recognition under various
locations. To resist the location variation influence, we propose to separate the gesture signal from the
background information.

Assume X is the original signal; we can separate X into two matrix A and E, i.e., X = A + E.
Here. Ais a matrix with low rank, while E is a matrix with sparse values. This is called the low rank
and sparse decomposition (LRSD). To realize the decomposition, we need to find the A and E.

We can formulate this into Equation (5).

min ‖A‖∗ + λ‖E‖1 (5)

s.t. X = A + E (6)

where ‖ · ‖1 is L1 norm, which leads to being sparse. ‖ · ‖∗ is the nuclear norm, which is the L1 norm of
the singular values. Minimizing this value will result in sparse singular values, which means low rank.

We use the augmented Lagrangian algorithm to solve the above problem. The augmented
Lagrangian formulation of Equation (5) is shown as follows.

Lµ(A, E, Y) = ‖A‖∗ + λ‖E‖1 + 〈X− A− E, Y〉+ µ

2
‖X− A− E‖2

F (7)

The iteration values of A and E are shown as below.

A∗ = argminALµ(A, E, Y) (8)

= argminA‖A‖∗ + 〈X− A− E, Y〉+ µ

2
‖X− A− E‖2

F (9)

= Dµ−1{X− E + µ−1Y} (10)

E∗ = argminELµ(A, E, Y) (11)

= argminAλ‖E‖1 + 〈X− A− E, Y〉+ µ

2
‖X− A− E‖2

F (12)

= Sλµ−1{X− A + µ−1Y} (13)

With the LRSD algorithm, we can separate the original signal into two parts. The low rank part
represent the background information. The sparse part stands for the noise.

CSIoriginal = CSIbackground + CSInoise (14)

As shown in the above equation, the gesture is contained in the CSInoise part as, in the original WiFi
signal, the gesture is a kind of noise. Further, we deploy PCA algorithm to get the pure gesture signal.
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4.6.1. Feature Extraction

The last step is to extract features from the extracted gesture signals. Here, we choose the
histogram of the gesture CSI profile as the feature. The histogram is easy to compute and it has strong
ability to resist noise.To calculate the histogram of the gesture, we need to set the number of features.
According to the CSI amplitude, we calculate the number of points in each segments.

Figure 7 shows the extracted features of gesture PP from the processed gesture signal. Figure 7a is
the gesture signal after all the processing. Figure 7b is the features we finally get. It is a vector of the
probability of CSI value distribution.
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(a)The original signal of gesture PP. (b)Features extreacted from gesture PP.

Figure 7. The features of gesture PP, extracted from the original signal.

4.6.2. Classification

As for classification, we use one class support vector machine (SVM) based methods to deal with
the recognition of different gestures. The SVM model is shown as follows:

min
||ω||2

2
(15)

subject to yi(ω
T ϕ(xi) + b) ≥ 1, i = 1, 2, · · · , n. Here, xi is the ith sample in the hyperplane. yi is the

value of the ith sample. ϕ(x) is the kernel function. (ω, b) represents the hyperplane.
Then, we can get the Lagrangian function of it:

L(ω, b, α) =
1
2
||ω||2 −

n

∑
i=1

αi(yi(ω
T ϕ(xi)b)− 1) (16)

Then, we can calculate the partial derivatives of equation

L(ω, b, α) =
n

∑
i=1

αi −
1
2

n

∑
i,j=1

αiαjyiyj ϕ(xT
i )ϕ(xj) (17)

Finally, we get an optimization problem about α. We can calculate ω, b to construct the hyperplane
and then separate the data by:

f (x) = sign(ωT ϕ(x) + b) (18)

For the training phase, we input the collected gestures feature profile into an SVM machine.
For the classification phase, we input the newly collected CSI into the trained SVM machine and get
the classification results. We choose the radial basis function (RBF) kernel in our algorithm. We use the
open source machine learning library libsvm [62] for classification.
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4.7. Discussions

When Wi-Fi signals propagate in the space, it can be affected by many factors. The nature
of dynamics makes it very hard to achieve persistent high detection accuracy with Wi-Fi signals.
Despite the numerous methods proposed by researchers, there remains some challenges considering
WiFi based gesture recognition.

Multi-person scenario. When more than one person is in the same room, actions from different
persons will interfere with each other, thus decreasing the accuracy or even resulting in recognition
failure. However, considering the deployment environment of WiFi, there will always be more than one
person inside the room. How to separate different person or to detect multiple person simultaneously
is still a challenge.

Interpersonal difference. Although we can define the pattern of different gestures, people perform
them differently. In addition, due to interpersonal differences, for example, the elderly may perform
gestures more slowly, we may encounter accuracy reduction when facing many people.

5. Performance Evaluation

We extensively evaluated WiHand. By different scenarios, we tried to find the factors that affect
the recognition results and to see whether WiHand can resist the location variation.

5.1. Experimental Setup

We used two computers to act as AP and client. Each is with a TP-LINK TL-WDN 4800 wireless
network interface card (NIC). This NIC was equipped with the Atheros AR9380 chip. It is compatible
with the ath9k driver. Thus, we installed the customized driver from [63] to extract the CSI streams.
The transmission was with one Transmitting antenna and three receiving antennas. We could extract
CSI streams of all 56 subcarriers from the customized drivers. For every packet, we could get a CSI
matrix with size of 3× 1× 56.

As shown in Figure 8, the transmitter and receiver were put on each side of the room close to the
wall. The size of the room is 3 m × 4.5 m. We performed all gestures at the different locations shown
in Figure 8. The exact coordinates of the nine testing positions are shown in Table 2. The corner around
Point 6 was set as the origin of the coordinate.

TX

RX

P1

P2

P8P6

P5 P3 P4

P9P7

Figure 8. The layout of the transmitter, receiver and the nine testing positions.

Table 2. Location of the testing points. The units of the coordinate are meters.

P1 P2 P3 P4 P5 P6 P7 P8 P9

(1.5, 0.5) (1.5, 4) (1.5, 2.25) (2.5, 2.25) (0.5, 2.25) (0.5, 0.5) (0.5, 4) (2.5, 0.5) (2.5, 4)
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As for software in our system, we ran the Linux 2014 LTS edition to collect and analyze data. All
evaluations were based on the MATLAB 2018b platform.

We collected gesture data from 26 volunteers, among whom six are female and the others are
male. Two of the males are teachers aged 35 and 43. The others are students aged from 20 to 28. We
trained all the volunteers for all the gestures before the data collection to make them familiar with the
gestures. Each user made the five gestures repeatedly for 100 times at each of the nine locations and
the through the wall scenario. Then, we used the collected data to test the system. Unless otherwise
specified, we repeated the detection for 100 times and calculated the average accuracy.

5.2. Performance of Gesture Detection

As for the gesture detection rate, we wanted to make sure our algorithm could detect the gesture
signal and extract it correctly. We chose 10 people and asked them to perform all five gestures
continuously for 50 times. Then, we calculated the detection rate of gestures for each person.

Figure 9 shows the detection rate of gesture detection. WiHand could detect the gesture of
different persons with an average accuracy of 91%. We also found that the detection rate differed
among the volunteers. That is because the performance varied among the volunteers. Despite the
same motion pattern, everyone had their personal characteristics considering the frequency, range and
quality of the movements.
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Figure 9. The performance of gesture detection.

5.3. Performance of Gesture Recognition Accuracy at Fixed Location

We performed all the gestures at a fixed location and evaluated the performance of WiHand. For
fixed location, we mean the training data and test data were all collected from the same location. Here
,we chose ten volunteers to perform all five gestures 100 times repeatedly. Then, we randomly chose
60% of the data as training data and 40% as the test data. To make the result more representative, we
applied cross validation of 10 times on the training.

Figure 10 shows the average detection rate considering each action. We found that WiHand
showed better performance than the traditional recognition algorithm. Especially for specific gestures
such as Gestures 3 and 5, WiHand greatly outperformed the traditional algorithm.

Figure 11 shows the average detection rate of each person. From the results, we found that
WiHand effectively improved the detection accuracy. The average accuracy of WiHand for every
actions was 97.3%. The average accuracy for every person was 93.3%.



Electronics 2019, 8, 1069 14 of 20

1 2 3 4 5
Gestures

0

20

40

60

80

100

A
cc

u
ra

cy
(%

)

Traditional WiHand

Figure 10. The average accuracy of detection for each gesture.
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Figure 11. The average accuracy of gesture detection for each person.

5.4. Performance of Gesture Recognition at Various Locations

To test the performance of WiHand, we collected the gesture data of all volunteers at nine different
locations. We used data from Position P1 to train the classifier and the rest for test. At each location,
every volunteer performed the five gestures 100 times repeatedly. An illustration of all nine locations
are shown in Figure 8. Their exact coordinates are shown in Table 2.

To get a comparative comprehension of the performance of WiHand, we also added some
state-of-the-art classification methods from related works. One is the hidden Markov model based
classification [55,61,64–67]. The other is the CNN based classification. We built a five-layer CNN
network with have two convolutional layers, two sub-sampling layers and one fully-connected layer.
For the first convolutional layer, the size of a convolutional kernel was 3 × 3. We applied six different
kernels to generate six feature maps. Considering the second convolutional layer, there were two
kernels and the kernel size was still 3 × 3. There were, in total, 12 feature maps as the output of this
layer. There was only one kernel in the sub-sampling layer and the size was 2 × 2. The input of the
CNN network was a matrix of size 10× 10, which represented 10 subcarriers selected by our algorithm
and each subcarrier had 10 features.

The performance of all the algorithms are shown in Figure 12. As shown in the figure, the
performance of all the three classifiers with the LRSD algorithm outperformed the recognition from
the original data. Besides, the performance of CNN was better than the others.



Electronics 2019, 8, 1069 15 of 20

SVM HMM CNN

A
cc

u
ra

cy

0

20

40

60

80

100

Original Data With LRSD algorithm

Figure 12. The performance of classifiers with different locations.

We also evaluated the performance of WiHand at different locations. The training data were
collected from position P1. The results are shown in Figure 13. The average detection accuracy of
WiHand at different locations is 93%. The results show that WiHand can resist the influence of location
variation very well. In addition, we observed that the detection rate on the LOS path is a little higher
than that on the side path. That is because the signal strength on the LOS path is higher than the
other place.
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Figure 13. The performance of WiHand under different locations.

5.5. Though Wall Detection

To evaluate the performance of WiHand under none-line-of-sight (NLOS), i.e., through the wall
scenario, we moved the RX to behind a concrete wall of 20 cm. Gestures were performed behind
the wall. The result is shown in Figure 14a. Despite the decrease in accuracy under NLOS scenario,
WiHand could still achieve accuracy as high as 91%. In addition, we tested the performance of different
classifiers under through the wall scenario. With the LRSD algorithm, all classifiers achieved a good
performance under through the wall scenario.
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(a)WiHand performance under NLOS scenario.
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Figure 14. Detection performance under through the wall scenario.

6. Conclusions and Future Work

This paper proposes WiHand, a location independent gesture recognition system based on
commodity WiFi devices. The proposed binned entropy based subcarrier selection algorithm can
always find the mostly affected subcarriers. With the LRSD decomposition, WiHand separates gesture
signals from background information. The extensive evaluations showed that WiHand can achieve an
average accuracy of 93% across different locations and 91% for through the wall scenario.

As for future work, we will continue to collect data on more gestures and more persons under
different scenarios.
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