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ABSTRACT Human activity recognition based on channel state information (CSI) using commercial WiFi
devices plays an increasingly important role in many applications, such as smart home and interactive games.
In this paper, we propose a WiFi CSI based human activity recognition approach using deep recurrent neural
network (HARNN). HARNN mainly exploits four key techniques to recognize different human activities.
HARNN firstly constructs a novel two-level decision tree for using two environment variation statistics
efficiently. Meanwhile, a linear regression method is also introduced to seek for the optimal parameter
for the designed decision tree. Depending on this, the decision tree is used to sense indoor environment
variation, and then detect whether there is any human activity occurring in a target area. In addition,
a noise removal mechanism is devised to eliminate the influence of random noise derived from indoor
environments. Then, to characterize various human activities, two representative features are extracted from
different statistical profiles, including channel power variation (CPV) and time-frequency analysis (TFA).
Finally, a recurrent neural network (RNN) model is utilized to recognize different human activities by
leveraging the extracted representative features above. According to the above steps, the proposed HARNN
could establish a robust relationship between human activities and WiFi CSI compared with most of the
existing WiFi CSI based approaches. The proof-of-concept prototype of HARNN is implemented on a set of
commercial WiFi devices, and its overall performance is evaluated in several typical indoor environments.
The experimental results demonstrate that HARNN can achieve better recognition performance compared
with some benchmark approaches.

INDEX TERMS Human activity recognition, commercial WiFi, CSI, CPV, TFA, RNN.

I. INTRODUCTION
Human activity recognition is increasingly popular in
pervasive computing and human-computer interaction, and
can support a wide variety of applications, such as health
care [1], smart home [2], augmented reality, and building
surveillance [3], etc. In order to recognize various human
activities, a number of sensors have been employed in the
previous works, such as cameras based approaches [4], wear-
able sensors based approaches [5], ambient devices based
approaches [6], [7], and smartphones based approaches [8].
Cameras based approaches are intended to recognize differ-
ent human activities by capturing image and then perform-
ing matching. The merit of cameras based approaches is
the capability of detecting and recognizing different human
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activities effectively. Meanwhile, these approaches suffer
from some issues especially with regard to the illumination
condition, dead angle, personal privacy concern, and high-
energy consumption. In addition, wearable sensors are also
popular for human activity recognition with high accuracy.
However, these approaches require the sensors to be attached
to the human body, which is very inconvenient and obstruc-
tive. Additionally, ambient devices based approaches gen-
erally include pressure sensors and vibration sensors, and
measure changes in the ambience to detect human activity.
However, other sources of pressure or vibration in indoor
environments can also cause false alarms in these approaches.
Another widely used device for human activity recognition is
the modern smartphones. Due to many sensors, such as accel-
erator, gyroscope, and barometer, embedded in smartphones,
they can be view as human activities sensing platforms for
recognition. Certainly, if users forget to take their phones or
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lose their smartphones anywhere, the human activity recog-
nition would terminate naturally. Meanwhile, their personal
information security would be threatened seriously in smart-
phones.

Considering that human activities between a pair WiFi
transmitter and receiver could affect the characteristics of
WiFi signal, human activity recognition can be feasible by
using WiFi signal. Besides, due to low cost, no invasion,
and wide deployment of commercial WiFi devices in indoor
environments, human activity recognition using WiFi signal
can become reality. More importantly, these passive human
activity recognition approaches using WiFi signal do not
require users to take any dedicated sensor or device. Addi-
tionally, the commonly used signal for WiFi is the received
signal strength indication (RSSI) which has been widely used
for indoor localization [9] and human activity recognition
[10]–[12]. In [10], S. Sigg et al. designed a RSSI-based
activity recognition system for the mobile phones. In gen-
eral, it collected WiFi RSSI data at mobile phones to mon-
itor single-handed gestures. In [11], Y. Gu et al. presented
an online activity recognition system, which explored WiFi
ambient signals for RSSI fingerprint of different human activ-
ities. In [12], Y. Gu et al. used data mining techniques to
abstract footprints of different human activities on the RSSI
data, and designed a novel fusion algorithm to distinguish
different human activities. Although these approaches have
the advantages of passive recognition and easy deployment,
the performance of activity recognition is limited because the
RSSI information could be influenced heavily by the severe
multipath and random noise in indoor environments.

Instead of RSSI, there are increasing applications using
channel state information (CSI) [13]–[15] of WiFi, which
reveals a set of channel measurements depicting the ampli-
tude and phase information for multiple orthogonal frequency
division multiplexing (OFDM) subcarriers. For instance,
IEEE 802.11 a/g/n WiFi framework is based on OFDM
and the relatively wideband 20MHz channel is partitioned
into 52 subcarriers. Generally, WiFi CSI information can
be obtained from commercial WiFi devices, because it con-
tains significant information about channel impulse response
(CIR). Comparing with RSSI, which only provides a single
measurement of the power over thewhole channel bandwidth,
WiFi CSI is a more informative and fine-grained character-
istic. Up to now, WiFi CSI based human activity recogni-
tion approaches have been widely studied [16]–[21], such as
E-eyes [16], CARM [17], WiGest [18], RT-Fall [19],
ABLSTM [20], and others. In [16], E-eyes used the commer-
cial WiFi devices to monitor human activity with one trans-
mitter and multiple receivers, which could achieve in-place
and walking activity recognition. In [17], CARM exploited
a CSI-speed model and a CSI-activity model to recognize
different human activities. In [18], WiGest introduced a
WiFi signal propagation model in physical space under the
existence of human activity, and then leveraged the effect
of the in-air hand motion on the wireless signal strength
received by the device from an access point to recognize the

performed gesture. In [19], to promote performance, RT-Fall
exploited both the amplitude and phase information of WiFi
CSI data to detect human falls simultaneously. In [20],
ABLSTM proposed a new deep learning based approach
for passive human activity recognition by learning represen-
tative features in two directions from raw sequential CSI
measurements. Although these human activity recognition
approaches can ensure certain recognition accuracies, they
suffer from some issues at the same time. Firstly, it was
necessary to establish an efficient mechanism for conducting
human activity detecting. Secondly, so far, it was very hard to
establish a robust corresponding relationship between human
activities and WiFi CSI.

Motivated by the observations above, in this paper, we
propose a human activity recognition approach using deep
recurrent neural network (HARNN). HARNN can recognize
six basic human activities in daily life, including running,
walking, standing, sitting, crouching, and lying. To realize
HARNN approach, we mainly face four technical challenges.
The first one is how to know that a person is performing an
activity in a target area. It is well known that when humans
perform any activity, their motion can induce fluctuation of
WiFi signal in a unique manner. Therefore, we can extract
useful variation statistics from raw WiFi CSI as indications
of activities occurring. Specially, the variance and correla-
tion coefficient have been widely used in many statistics
applications, which can be found in [22] and [23]. Most
of the existing WiFi CSI based approaches only leveraged
the variance or the correlation coefficient directly to detect
the human activities. However, their detection performances
were influenced heavily by the random noise or channel
variation, which may cause false recognition result. Now,
a natural question to ask: which strategy is better for detecting
human activities in a target area? The second challenge is
to obtain effective WiFi CSI data. The reason is that the
collected raw WiFi CSI data could be interfered by the
random noise derived from indoor environments. For that,
it is a challenging problem that how to preserve WiFi signal
details while filtering out the noise in the WiFi signal. The
third challenge is to obtain multiple representative statistical
features. The existing works display that human activities
can be depicted by a number of features in time domain,
such as maximum value, minimum value, mean value, and
so forth. It is conceivable that so many features would reduce
the efficiency of activity recognition. As a result, it is neces-
sary to seek for representative features that can characterize
various human activities profoundly. The fourth challenge
is how to leverage the extracted representative features for
performing human activity recognition. Considering feature
extraction and recognition part are not jointly optimized,
it is not enough to rely on representative statistical features
alone. Thus, we need to utilize a suitable method to recognize
different human activities.

To overcome the first challenge, we design a novel
two-level decision tree for using the variance and cor-
relation coefficient of raw WiFi CSI data efficiently.
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Meanwhile, a linear regressionmethod is introduced, i.e. least
median of squares (LMS) algorithm, to seek for the optimal
parameter for the designed decision tree. Based on this obser-
vation, the decision tree is utilized to sense the indoor envi-
ronment variation, and then detect whether there is any human
activity occurring in a target area. To overcome the second
challenge, the discrete wavelet transform (DWT) strategy
(e.g., [24]) is employed to eliminate the influence of the ran-
dom noise in indoor environments by signal decomposition.
It is helpful to reduce the interference of both the compli-
cated background environment and random noise effectively.
To overcome the third challenge, we only extract two repre-
sentative features from denoised WiFi CSI data in time and
frequency domains, including channel power variation (CPV)
and time-frequency analysis (TFA), which can characterize
various human activities profoundly. To overcome the fourth
challenge, a recurrent neural network (RNN) (e.g., [25]–[29])
model with long short-term memory (LSTM) block is used
to recognize different human activities by leveraging the
extracted representative features above. As the term recurrent
implies, the RNN model takes not only the current input data
but also several previous input data. In other words, it has
a memory that can obtain the variation in input data. Thus,
the selected method has the capacity for efficiently capturing
the complicated non-linear relationship between input and
output data through training process, then conducts human
activity recognition. According to the above steps, the pro-
posed HARNN can establish a robust relationship between
human activities and WiFi CSI. Real experiments have been
conducted to verify the high performance of the proposed
HARNN for human activity recognition using WiFi CSI.
Then, the results are compared with some existing works.

In summary, the main contributions of this work are as
follows:

1) To detect human activities in a target area, we firstly
design a novel two-level decision tree. Unlike the exist-
ing CSI based approaches, the designed decision tree
not only uses the variance but also the correlation
coefficient of raw WiFi CSI data. Meanwhile, a linear
regression method is also introduced to seek for the
optimal parameter for the designed decision tree. This
helps avoiding false activity generated by other noise
in indoor environments from nearby users.

2) In order to characterize various human activities,
the DWT strategy is employed to eliminate the random
noise of indoor environments presented in raw WiFi
CSI data. After that, only two representative features
are extracted from denoised WiFi CSI data, including
channel power variation (CPV) in time domain and
time-frequency analysis (TFA) in frequency domain.
Therefore, this helps improving the efficiency of activ-
ity recognition.

3) To realizeHARNN, the proposedRNNmodel is used to
recognize different human activities.More importantly,
it can perform activity recognition from the extracted
representative features, instead of raw WiFi CSI data.

This reduces the influence of the random noise derived
from indoor environments significantly.

The remaining paper is organized as follows. The pre-
liminaries of WiFi CSI are discussed in Section II, and
Section III illustrates the architecture and design of the pro-
posed HARNN approach. Section IV describes the data col-
lection for experiments and presents the experimental setups.
Next, the experimental results are presented and discussed
in this section. Finally, our conclusion can be obtained in
Section V.

II. PRELIMINARY
In this section, a short overview of WiFi CSI is presented.
The most of modern off-the-shelf WiFi devices operate on
both the 2.4GHz and 5GHz bands and employ OFDM at the
physical (PHY) layer. The OFDM channel is a wide channel
divided into subcarriers where each transmitted signal on
every subcarrier has a different signal strength and phase.
Unlike RSSI that represents the total received signal strength
at the receiver, WiFi CSI contains more significant informa-
tion of individual subcarrier between each pair of transmitter
and receiver antenna. In view of this, compared with RSSI,
the WiFi CSI is regarded as a more fine-grained and infor-
mative measurement for wireless channel, especially, it can
distinguish the multipath components at the subcarrier level.
Furthermore, as discussed above, WiFi CSI can also provide
the channel response, including the magnitude and phase.

A group of subcarriers channel measurements can be
revealed to upper layer users in the format of WiFi CSI in
frequency domain, which is commonly used as follows:

Hsub =

[
H1ej

6 H1 ,H2ej
6 H2 , . . .Hiej

6 Hi
]T

i ∈ [1,Nsub] ,

(1)

where Hsub has a dimension of Nsub × 1, Hi and 6 Hi are the
amplitude and phase of the i − th subcarrier, and Nsub is the
total number of subcarriers.

Generally, the continuous raw WiFi CSI data of the i − th
subcarrier with a predefined sliding time window of length m
is collected, which is able to be expressed by

Hi=

[
H1,iej

6 H1,i ,H2,iej
6 H2,i , . . .Hκ,iej

6 Hκ,i , . . .Hm,iej
6 Hm,i

]
κ ∈ [1,m] , (2)

where Hi has a dimension of 1 × m, Hκ,i and 6 Hκ,i are the
amplitude and phase of the κ − th data point of the i − th
subcarrier.

III. SCHEME DESIGN
A. OVERVIEW
The basic idea of our proposed approach is to extract rep-
resentative features for RNN training, and then perform
activity recognition. Fig. 1 illustrates the overall architecture
and block diagram of the proposed HARNN approach. One
important question for the correct operation of HARNN
is when to know that a person is generating an activity.
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FIGURE 1. Overall architecture of the proposed HARNN approach.

This helps avoiding false activity generated by other noise
in indoor environments from nearby users and also leads
to energy-efficiency. In view of this, it is assumed that a
person without wearing any specified sensor or device per-
forms random activity in a target area, and the raw WiFi
CSI data is continuously collected. At the same time, it is
analyzed to sense whether there is environment variation.
If sensed that indoor environments generate variation caused
by human activities, the collected raw WiFi CSI data needs
to be processed for human activity recognition. To solve
the above technical issues, in our study, we can divide the
proposed HARNN approach into four main modules: human
activity detecting, data processing, feature extraction, and
human activity recognition.

Human Activity Detecting: This module is responsible
for detecting human activities. We can leverage two sensitive
statistics, including the variance and correlation coefficient
of raw WiFi CSI data, as environment variation indications.
Then, the corresponding two-level decision tree can be con-
structed. Based on this, if there is a response ‘yes’, the pro-
posed HARNN approach would start the data processing
module, otherwise continue maintaining detecting.

Data Processing: This module is responsible for imple-
menting denoising. Since the collected raw WiFi CSI data
is obtained from commercial WiFi Network Interface Cards
(NICs), it contains the random noise from various sources,
such as nearby electronic devices. This noise can add
false edges and affect HARNN accuracy and robustness.
Therefore, in order to increase HARNN quality, we can
leverage a wavelet based denoising method to eliminate the
influence derived from indoor environments.

Feature Extraction: This module is responsible for
extracting representative features from different statistical
profiles. It is well known that when humans perform random
activity in a target area, their motion could affect indoor
environments in a unique manner, which can be changed

into the impact on WiFi signal. After that, the significant
impact is in turn manifested as distinguishing perturbation
in WiFi CSI data. Considering that each human activity in
daily life is highly different, it is very possible to recognize
different activities by closely examining representative fea-
tures exhibited in WiFi CSI data. In this study, we exploit
two representative features with regard to the same human
activity, including the CPV in time domain and the TFA in
frequency domain.

Human Activity Recognition: This module is responsible
for distinguishing different human activities. The RNNmodel
with LSTM block is introduced to recognize different activ-
ities by automatically learning representative features and
encoding the temporal information during feature learning.
For that, a large amount of raw WiFi CSI data needs to
be collected for extracting representative features of differ-
ent human activities. Meanwhile, the extracted effective fea-
tures and the corresponding activities labels form the dataset,
which is leveraged for RNN training. When every parameter
of the RNN model is adjusted appropriately, it can perform
activity recognition. However, if the experimental setting
changes, the RNN model needs to be trained again.

B. ENVIRONMENT VARIATION INDICATIONS
Fig. 2(a) and (d) illustrate the indoor environment variation
when a person is running between a pair transmitter and
receiver. We can observe that although the amplitude value
of raw WiFi CSI performs variation, the fluctuation is very
small. This reason is that the amplitude of raw WiFi CSI is
insensitive to environment variation. In view of this, we need
to utilize some typical environment variation statistics for
human activity detecting in our study. Based on the pre-
vious research [22], [23], when humans perform random
activity in a target area, both the variance and correlation
coefficient of raw WiFi CSI data would have corresponding
variation. Thus, we can present the variance and correlation
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FIGURE 2. The variation of the amplitude, variances, and correlation coefficients of raw WiFi CSI data when a person is running in the same
target area.

coefficient as environment variation indications for human
activity detecting.

1) VARIANCE
When humans perform any activity in a target area, the vari-
ance of each subcarrier with a predefined sliding timewindow
would generate variation. Then, the variances of all subcar-
riers with a predefined sliding time window can constitute
a Nsub × 1 vector, which can be calculated with following
equation:

V = [v1, v2, . . . vi]T i ∈ [1,Nsub] , (3)

and the variance of each subcarrier can be given by

vi = var (‖Hi‖) i ∈ [1,Nsub] , (4)

where vi is the variance of the i − th subcarrier, var(·) is
the variance operation, and ‖·‖ is the magnitude operation,
respectively.

In ideal condition, human activities should have the same
influence on each subcarrier, that is to say, the variances
of all subcarriers should be the same. However, due to the
influences of the severe multipath and random noise in indoor
environments, the variances of different subcarriers perform
differently. In order to take full advantage of each subcarrier,
we can leverage the variance of the vector V, which is given
as follows:

Vm = var (V) , (5)

where Vm represents the fluctuation degree of WiFi signal for
environment variation. It is well known that in the case when
no human activity occurs in a target area, we can get Vm = 0.
In contrast, we can have Vm � 0.

Fig. 2(b) and (e) illustrate the variances variation when
a person is running in a target area. As we can see, in the
case when there is no human activity, as analyzed above,
the variances are close to 0. In contrast, the values of the
variances become large drastically.

2) CORRELATION COEFFICIENT
Considering that human activities can induce fluctuation of
WiFi signal, the authors in [30] and [31] have studied that
the correlation coefficient between successive raw WiFi CSI
data is sensitive to the indoor environment variation. As a
result, the correlation coefficient can be leveraged for detect-
ing human activities. In addition, we calculate all correlation
coefficients between subcarriers. After that, we can obtain
a Nsub × Nsub correlation coefficients matrix, which can be
expressed mathematically by

C =

 ρ(1,1) · · · ρ(1,Nsub)
...

. . .
...

ρ(Nsub,1) · · · ρ(Nsub,Nsub)

 , (6)

and we can have

ρ(i,j) = corr
(
‖Hi‖ ,

∥∥Hj
∥∥) i, j ∈ [1,Nsub] , (7)

where ρ(i,j) denotes the correlation coefficient between the
i − th and j − th subcarriers, and corr(·) represents the
correlation operation, respectively.

Ideally, it is noted that human activity can attach an iden-
tical influence on each subcarrier principally, thus all corre-
lation coefficients should be the same. However, the severe
multipath and random noise on each subcarrier differ from
each other, which can lead to inconsistent parameter. In view
of this, the challenge we face now is how to obtain a reli-
able and effective parameter from these primary correlation
coefficients.

Motivated by this observation, the incorrect correlation
coefficients can be sifted out by conducting a least median of
squares (LMS) [30] outlier detection. First of all, the objective
function minimizing the median of the squared residuals can
be defined as follows:

E = min
(
med

(
r2(i,j)

))
, (8)

and we can have

r(i,j) =
{
ρ(i,j) − ρ̃

}
,

ρ(i,j) =
{
ρ(i,j), i ≺ j ∈ [1,Nsub]

}
,

0 = Nsub (Nsub − 1)
/
2, (9)
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where min(·) and med(·) are the minimum and median oper-
ation, r(i,j) is residuals, ρ̃ is the LMS estimation, and 0
is the number of correlation coefficients between different
subcarriers.

Mathematically, we determine whether ρ(i,j) is an outlier or
not following a typical LMS regression, which can be given
as follows:

I
(
ρ(i,j)

)
=

{
1 if

∣∣r(i,j)/σ ∗∣∣ ≤ 2.5
0 otherwise

, (10)

where we can have

σ ∗ =

√√√√∑Nsub
j=1

∑Nsub
i=1 q(i,j)r

2
(i,j)∑Nsub

j=1
∑Nsub

i=1 q(i,j)
, (11)

q(i, j =

{
1 if

∣∣r(i,j)/s0∣∣ ≤ 2.5
0 otherwise

,

s0 = 1.4826 ∗
(
1+

5
02

)√
med
(i,j)

(
r2(i,j)

)
. (12)

After diagnosing the biased and incorrect correlation coef-
ficients, they can be sifted out simply, and then average
the remained ones as the ultimate estimation for a group of
correlation coefficients, it is denoted as

ρ =
1∑Nsub

j=1
∑Nsub

i=1 I
(
ρ(i,j)

) ∑Nsub

j=1

∑Nsub

i=1
ρ(i,j)I

(
ρ(i,j)

)
.

(13)

According to the above analysis, the ultimate correlation
coefficient ρ can be obtained. Generally, in the case when
there is no human activity in a target area, the correlation
coefficient of successive raw WiFi CSI data would tend to
be larger. In contrast, the correlation coefficient would tend
to be smaller if there is any human activity occurring.

Fig. 2(c) and (f) illustrate the correlation coefficients varia-
tion when there is a person running. As we can see, in the case
when there is no human activity, the correlation coefficients
are close to 1. In contrast, they would decrease dramatically.

C. HUMAN ACTIVITY DETECTING
The first step towards recognizing different human activi-
ties using raw WiFi CSI data is to detect whether a person
performs any activity or not in a target area. In this section,
we discuss how we can detect human activities by using the
variance and correlation coefficient effectively.

In our study, in order tomake full use of the above two envi-
ronment variation indications, we design a two-level decision
tree to conduct the activity detecting. Besides, the detailed
detecting process is shown in Fig. 3. There are four key
parameters of the two-level decision tree, the variance Vm and
the correlation coefficient ρ, and the corresponding thresh-
olds ν and α. In the first level, if the variance Vm is over
ν, it would move to the second level, otherwise the result
is activity absence. In the second level, if the correlation
coefficient ρ is over α, the result is absence, otherwise it

FIGURE 3. The architecture of human activity detecting.

is presence. The activities detecting results can be described
with following equation:

Y =

{
1 Vm � νandρ ≺ α
0 otherwise

, (14)

where Y is the label: positive label ‘Y=1’ for human activ-
ity presence, and negative label ‘Y=0’ for human activity
absence. The corresponding thresholds can be determined by
some preliminary measurements. In addition, we do not need
to calibrate for each different case because these thresholds
can gracefully apply to various indoor environments. Besides,
the design of human activity detecting is lightweight because
the calculation of the variance and correlation coefficient of
raw WiFi CSI data is fast, convenient, and small complexity.
Furthermore, the usage of variance and correlation coefficient
is sufficient and efficient for recognition since both of them
are sensitive to the indoor environment variation.

D. DATA PROCESSING
After data processing module is triggered, rawWiFi CSI data
needs to be processed to eliminate the random noise. The first
row in Fig. 4 shows raw WiFi CSI data of different human
activities collected in the same experimental environment.
We can observe that the amplitude has been interfered over
time, which may result in inaccurate WiFi CSI profiles con-
struction for activity recognition. In view of this, our strategy
to deal with the issue is to utilize wavelet based denoising
method [24]. The selected strategy has the advantage of being
computationally efficient. In addition, it does not make any
particular consumption with regard to the nature of the WiFi
signal, and permits discontinuities in the WiFi signal. Here
DWT can decompose raw WiFi CSI data into two terms:

174262 VOLUME 7, 2019



J. Ding, Y. Wang: WiFi CSI-Based Human Activity Recognition Using Deep RNN

FIGURE 4. The raw WiFi CSI, denoised WiFi CSI, CPV, and TFA results when human performs different activities in the same target area.

the approximation coefficients and detail coefficients.
Among them, the approximation coefficients can describe
the raw WiFi CSI data shape, and the detail coefficients can
capture both the random noise and fine details of raw WiFi
CSI data. Considering the random noise is mainly located
in the detail coefficients parts after the decomposition of
each layer, the denoising can be achieved by handling these
detail coefficients of each layer (i.e. j =1,2,. . .J ). Finally,
we reconstruct theWiFi CSI data by inversing transformation
of the processed wavelet coefficients.

If the raw WiFi CSI data with a predefined sliding time
window is interfered by the random noise, the observed value
can be expressed as follows:

Hi=

[
H1,ie

j6 H1,i ,H2,ie
j6 H2,i , . . .Hκ,ie

j6 Hκ,i , . . .Hm,ie
j6 Hm,i

]
.

(15)

The expansion of the raw WiFi CSI data in wavelet space
can be denoted as follows:

Hκ,i =

∑
j∈Z

∑
k∈Z

<Hκ,i , ψj,k (κ) > ψj,k (κ) κ ∈ [1,m] ,

(16)

where 〈·〉 is the dot product operation, and ψj,k (κ) is the
wavelet function, which is expressed by

ψj,k (κ) =
{
2j/2ψ

(
2jκ − k

)}
j, k ∈ Z , (17)

Next, the pyramid algorithm of multiresolution analysis
can be used for wavelet decomposition in this study. It is able
to be expressed mathematically by

Hκ,i =

∑
k∈Z

< Hκ,i , ϕj,k (κ) >ϕj,k (κ)

+

∑
j≤j′≤J

∑
k∈Z

< Hκ,i , ψj′,k (κ) >ψj′,k (κ), (18)

where ϕj,k (κ) is the scale function, we can have the value

ϕj,k (κ) =
{
2j/2ϕ

(
2jκ − k

)}
j, k ∈ Z . (19)

The approximation coefficients and detail coefficients can
be given by

cj,k = < Hκ,i , ϕj,k (κ) >,

dj,k = < Hκ,i , ψj,k (κ) >, (20)

where the value of ϕj,k (κ) is able to be given mathematically
with following equations:

ϕj,k (κ) =
∑
n∈Z

< ϕj,k (κ) , ϕj+1,n (κ) >ϕj+1,n (κ) ,

< ϕj,k (κ) , ϕj+1,n (κ)

> =
2j
√
2

m∑
κ=1

ϕ
(
2jκ − k

)
ϕ
(
2j+1κ − n

)
, (21)
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next, the hk can also be obtained by

hk = < ϕ (κ) ,
√
2ϕ (2κ − k)

> =
√
2

m∑
κ=1

ϕ (κ) ϕ (2κ − k),

hn−2k = < ϕj,k (κ) , ϕj+1,n (κ) >, (22)

finally, we can have the value of ϕj,k (κ)

ϕj,k (κ) =
∑
n∈Z

hn−2kϕj+1,n (κ) =
∑
n′∈Z

hn′ϕj+1,n′+2k (κ).

(23)

The expected value cj,k can be given through the above
calculating. We let

cj,k =< Hκ,i , ϕj,k (κ) >=
∑
n∈Z

hncj+1,n+2k . (24)

Once the approximation coefficients are obtained, and then
the corresponding detail coefficients can be given by

dj,k =< Hκ,i , ψj,k (κ) >=
∑
n∈Z

gncj+1,n+2k . (25)

To remove the random noise component while retaining
sufficient details for activity recognition, a soft threshold
method should be applied to the detail coefficients. The soft
threshold function can be given as follows:

S =


dj,k − T , dj,k > T
dj,k + T , dj,k < −T
0,

∣∣dj,k ∣∣ ≤ T , (26)

where T is the dynamic threshold.
For the obtained detail coefficients, we can set the detail

coefficients with a small absolute value to zero, and decrease
the coefficients with a large absolute value. According to (26),
the estimated detail coefficients are used to reconstruct the
WiFi CSI data directly, which can be denoted as

Ĥκ,i =

∑
k∈Z

cJ ,kϕJ ,k +
J∑

j=−∞

∑
k∈Z

d̂j,kψj,k . (27)

After that, we can obtain the value of denoised WiFi CSI
data, which can be given by

Ĥi=

[̂
H1,ie

j6 H1,i , Ĥ2,ie
j6 H2,i , . . . Ĥκ,ie

j6 Hκ,i , . . . Ĥm,ie
j6 Hm,i

]
,

(28)

where Ĥi is the WiFi CSI data output after wavelet based
denoising. The second row in Fig. 4 shows the transformation
results of noisy subcarrier amplitude of different human activ-
ities to a noiseless signal through the selected strategy.We can
observe that the denoised WiFi CSI data is smoother, and it
is obvious that the wavelet based denoisng can eliminate the
random noise presented in raw WiFi CSI data effectively.

E. FEATURES EXTRACTION
After raw WiFi CSI data collection and processing,
we concern about how to extract representative features for
charactering different human activities. It is well known that
human activities could influence indoor environment propa-
gation in a unique manner, which can be changed into impact
on WiFi signal, and then WiFi CSI can capture the impact.
That is to say, for different activities, the ways of expression
are different, and the influence on the indoor environment dif-
fers from each other. In order to describe the above influence,
we can apply fast Fourier transform (FFT) to the denoised
WiFi CSI data. After transforming into time domain,
we can extract CPV as a representative feature in time
domain.

The third row in Fig. 4 shows the CPVs of different human
activities. As we can see, the standing activity has less power
gain compared with other activities. In contrast, the lying
activity has more power gain. It is possible that the lying
activity has larger influence on theWiFi signal reflected from
human body.

Additionally, Y. Kim et al. [32] have studied that there is
a function relationship between the velocities of movement
of human activities and the frequency components of the
WiFi CSI data. Besides, the authors in [33] have studied
that the velocities of different human activities are highly
distinguishing. This suggests that the influence of different
human activities is likely to be most pronounced in a specific
frequency range. In order to obtain the TFA, a transformation
to the time-frequency domain is necessary to conduct features
extraction. Specially, among various time-frequency feature
extraction methods, short-time Fourier transform (STFT) has
better spectrogram characteristics compared with the oth-
ers. Therefore, we can select STFT for TFA. After that,
we can perform TFA of denoised WiFi CSI data to separate
the desired components in frequency domain. Based on this
observation, human activities can be modeled by profiling the
each frequency component by using TFA tool.

The fourth row in Fig. 4 shows the TFAs of different
human activities. It is evident that the running activity per-
forms higher frequency components compared with the other
human activities, followed by the walking activity. In addi-
tion, the sitting down activity has lower frequency compo-
nents. The possible reason is that the sitting activity has a
very low movement velocity, which could generate minute
influence on WiFi signal.

F. RNN MODEL
In this section, the RNN model is utilized to recognize
different human activities by leveraging the extracted repre-
sentative features. For activity recognition, the first step needs
to create an appropriate input vector from the extracted repre-
sentative features. Furthermore, in order not to lose important
information contained in the WiFi CSI data and improve
the accuracy of activity recognition, we include denoised
WiFi CSI data in the input vector because it also provides
very important information. Then, the input vector can be
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FIGURE 5. RNN structure with the LSTM block.

expressed by

x = [CPV,TFA, denoised WiFi CSI]T , (29)

where the dimension of the input vector is Dx .
In our study, in order to obtain better performance for

activity recognition, we consider an RNN model taking P
sets of representative features by extending CPV, TFA, and
denoised WiFi CSI to make a decision. Fig. 5 illustrates the
structure of RNN model with the LSTM block, where x(p)

and h(p) represent input vector and hidden layer at the p− th
time step, respectively. It is assumed that the dimension of the
hidden layer is Dh. Except for the hidden layer, the LSTM
block in RNN model has one more unit, called cell state c(p),
which can control the flow of information by using three
important gates, including forget, input, and output gates,
respectively.

For the input vector, each gate vector needs to be
calculated. They are can be calculated mathematically by

f(p) = σg
(
Wf x(p) + Uf h(p−1) + bf

)
,

i(p) = σg
(
Wix(p) + Uih(p−1) + bi

)
,

o(p) = σg
(
Wox(p) + Uoh(p−1) + bo

)
, (30)

where every matrix represented by W has a dimension of
Dh×Dx , those represented byU have a dimension ofDh×Dh,
and the vectors denoted by b have a dimension of Dh × 1.
In addition, σg(·) denotes an element-wise activation function
for all gates, which is able to be given by a sigmoid function in
our study, i.e. σg(z) = 1

/
(1+ e−z). In addition, both previous

cell state and hidden layer of the LSTM block at the first
time step need to be initialized as zero vectors. Because of
these gate vectors, the cell state and hidden layer in the LSTM
block can be updated in real time, which can be expressed as
follows:

c(p)= f(p) ◦ c(p−1)+i(p) ◦ σc
(
Wcx(p)+Uch(p−1)+bc

)
,

(31)

and we can have

h(p) = o(p) ◦ σh
(
c(p)

)
, (32)

where the ◦ represents the Hadamard product operation,
σc(·) and σh(·) are element-wise activation functions for
the cell state and hidden layer, respectively. In our study,
the hyperbolic tangent is leveraged for these activation func-
tions. Finally, the output of the proposed RNN model can be
obtained directly from the hidden layer at the last time step,
which can be given by

h2
(
x(1), . . . x(P)

)
= σ

(
Vh(P) + b

)
, (33)

where V is the row vector of the Dh dimension, and b is
a bias constant. The set 2 contains every parameter in the
RNN model, for example, elements in the matrices U andW,
vectors b and V, and the constant b.

Every parameter in the model can be adjusted by train-
ing representative features dataset. The sequence of P input
data vectors can be denoted as X = (x(1), . . . x(P)) and
the corresponding label as y, where y can be represented as
activity A, activity B, etc. From the representative features
and corresponding activities labels, a set of input and output
pairs (X, y) is generated to train and verify the used RNN
model. For that, ς is introduced as such a activities dataset,
and every parameter in the model is adjusted in the direction
of minimizing the cost function, which can be expressed
mathematically by

J (2) = −
1
|ς |

∑
g∈ς

C (g), (34)

where C(g) is the cost of the g − th input and output pair
and it can measure how accuracy the RNN model generates
the output compared with the ground truth data, and |·| is the
number of elements in a set, respectively.

Among many choices of evaluating the cost performance,
cross-entropy is used in this study, we have

C(g)=y(g) log h2
(
X(g)

)
+

(
1−y(g)

)
log

(
1−h2

(
X(g)

))
,

(35)

where the superscript indicates the index of the input and
output pairs. Then, every parameter in the RNNmodel can be
updated in an iterative manner by taking use of the gradient
descent method. It can update each parameter at each iteration
in the direction of the steepest descent at the same time, which
is able to given by

2n+1 = 2n − η∇2J (2) , (36)

where ∇2 is the gradient operation with regard to 2, and η
is the learning rate, which can determine the step size. Many
variations of the gradient descent methods have been studied
widely, such as Adam optimizer. It is well known that these
optimizers can change adaptively the learning rate to achieve
the minimum cost efficiently and precisely. Regardless of
which optimizer is used in the RNN model, we need to
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FIGURE 6. The experimental environments for the proposed HARNN approach.

take the gradient of the cost function at each iteration, and
the back propagation algorithm can do that by using matrix
multiplications.

Due to containing many significant parameters, the
recurrent neural network can efficiently capture non-linearity
relationship between the input and output layers, but it has a
high risk of over-fitting. In view of this, an early stopping
is very necessary to avoid that. In addition, the activities
dataset of input and output pairs, ς , are separated into
three non-overlapping datasets: training dataset ςtr , valida-
tion dataset ςv, and testing dataset ςte. Then, we train the
proposed RNNmodel to determine all parameters of the RNN
model based on the training dataset with true labels. In our
study, we set the number of hidden layers as Dh = 200.
We leverage the Adam optimizer that can solve effectively
the adaptive learning rates for each parameter during opti-
mization. η is the learning rate which can be set to be 1 ×
10−4. Additionally, here we can adopt the Adam optimizer to
reduce the risk of over-fitting. Besides, at each iteration, these
values of the cost function (34) with respect to the validation
dataset are evaluated and tracked, and we select the optimal
parameters when the cost function is minimized. Finally, the
performance of the proposed RNN model is verified with the
testing dataset.

IV. PERFORMANCE AND EVALUATION
In this section, we describe the raw WiFi CSI data collection
for experiments first. After that, the experimental results
are shown and discussed. Then, we evaluate the accuracies
of human activity recognition with different approaches in
the lab scenario. Furthermore, we also evaluate performance
of the proposed HARNN approach with different realistic
settings in typical indoor environments. According to the
experimental results, we can understand intuitively the theory
of this paper.

A. IMPLEMENTATION
In our study, we employ a commercial WiFi device as a
transmitter and a Lenovo laptop with Inter 5300 NIC as a
receiver with a sampling rate of 1000Hz. In addition, a sliding
time window with a window size of 6 seconds is used to
segment raw WiFi CSI data collected. All the experiments

are performed at 5GHz band with the channel bandwidth
of 20MHz. The proposedHARNN can acquireWiFi CSI data
by usingWiFi CSI tool [34] and then, perform human activity
detecting, WiFi CSI data processing, feature extraction, and
activity recognition using MATLAB.

B. DATA COLLECTION
In the study, we collected activities dataset in two different
indoor environments, i.e. a meeting room and a lab.
The layouts of the two indoor environments are shown
in Fig. 6(a) and Fig. 6(b). Among them, the meeting room has
a size of 5m× 6m, which contains various furniture and elec-
tronic devices. In this scenario, there is a pair trans-receiver
device that is placed on the top of the table. In addition, the
lab has a size of 8m× 6m, which contains nine tables and the
trans-receiver device is placed on the top of the table as well.
During raw WiFi CSI data collection, each person performs
each activity in the same target area for a period of 15 seconds.
At the beginning of each activity, the person needs to remain
stationary, and then performs the corresponding activity as
usual until the time is over. Totally, ten persons are involved
for raw WiFi CSI data collection with six common daily
activities of ‘‘running, ‘‘walking’’, ‘‘standing’’, ‘‘sitting’’,
‘‘crouching’’, lying’’. Each person needs to perform each
activity 30 times. To make the activities dataset more diverse,
we consider multiple different experimental settings in this
study. Therefore, we need to repeat the above procedure
for the collection of raw WiFi CSI data when experimental
settings change.

C. RESULTS WITH DIFFERENT APPROACHES
There are WiFi CSI based device-free human activity
recognition approaches, among them, E-eyes and CARM
are device-free passive approaches to recognize different
human activities in typical indoor environments. To verify the
effectiveness of the proposed HARNN approach, we conduct
a comparison with the existing approaches. Fig. 7 shows
the result in the lab scenario. Three recognition approaches
can achieve average accuracies of 95%, 96%, and 98% for
all the human activities, respectively. It can be found that
E-eyes approach performs the worst. Compared with E-eyes,
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FIGURE 7. The recognition accuracies for different human activities of the
three approaches in the lab scenario.

CARM has better recognition performance. Due to
establishing a robust corresponding relationship between var-
ious human activities and WiFi CSI, the proposed HARNN
approach is able to achieve the best performance for recogni-
tion of all the six activities, and the recognition accuracy of
each activity can be more than 95%.

D. IMPACT OF DIFFERENT ENVIRONMENTS
The testing environment for experiments is an important
factor for WiFi CSI data. In the additional experiment, two
typical indoor environments are considered, i.e. a meeting
room and a lab. The recognition accuracies in the meeting
room and lab scenarios are shown in Fig. 8. As it is indi-
cated, the proposed HARNN approach can achieve average
recognition accuracies of 96% and 95% for all the activities,
respectively. Besides, the lab area is much larger than that
of the meeting room, which means that the lab has a more
complicated multipath environment. Therefore, the recogni-
tion accuracies have better performance in the meeting room
scenario compared with that in the lab scenario.

E. IMPACT OF THE NUMBER OF HIDDEN NODES
The number of hidden nodes is a significant parameter for
RNN training for activity recognition. In view of this, we need
to conduct an additional experiment to investigate the influ-
ence of this parameter on the performance of activity recog-
nition in the lab scenario. The experimental result is shown
in Fig. 9. As we can see, in the case when the number of
hidden nodes is only 50, the recognition accuracies for all
the activities are very low. With the increasing of the number
of hidden nodes from 50 to 200, the recognition accuracies
increase with hidden nodes. Then, when further increasing
the number of hidden nodes from 200 to 300, the recognition
accuracies remain relatively stable. This reason is that when

FIGURE 8. The recognition accuracies for different human activities in
two typical indoor environments.

FIGURE 9. The recognition accuracies for different human activities with
different number of hidden nodes in the lab scenario.

the number of hidden nodes is few, every parameter of the
proposed RNN model is not adjusted appropriately. It should
be noted that more hidden nodes would lead to longer training
time. Therefore, 200 hidden nodes for the proposed RNN
model are chosen.

F. IMPACT OF MULTIPLE RECEIVERS
The receiver’s densities are a key parameter for evaluating
system performance, which has been studied in [16] and [35].
In view of this, an additional experiment needs to be con-
ducted to investigate the influence of this parameter on the
performance of human activity recognition. We can analyze
it through changing the number of receivers from one to five.
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FIGURE 10. The recognition accuracies for different human activities with
different number of receivers in the lab scenario.

The experiment is performed in the lab scenario where the
receivers are deployed at the corner and the transmitter is
placed at the center of the scenario. The experimental result
is shown in Fig. 10. With the increasing of the number of
receivers from one to five, the recognition accuracies increase
with that. Concretely, the recognition accuracy for all the
activities increases to 96% on average when there are two
receivers, and reaches 98% on average when deploying five
receivers in the lab scenario. This reason is that there are more
direct paths as the number of receivers increases. As a result,
with a higher density deployment, we believe our proposed
HARNN can achieve a robust performance.

V. CONCLUSION
In this paper, we propose a WiFi CSI based passive human
activity recognition approach using deep recurrent neural
network. The proposed HARNN approach can establish a
robust relationship between human activities and WiFi CSI.
Then, we conduct some real experiments to verify the high
recognition performance of the proposed HARNN approach
and compare it with the existing approaches. The experimen-
tal result shows HARNN can achieve the best recognition
performance compared with the other approaches in the same
indoor environment. Besides, we evaluate the recognition
performance of HARNN approach in two typical indoor envi-
ronments. As it is indicated, the recognition accuracies have
better performance in the meeting room scenario compared
with that in the lab scenario. Moreover, we also verify its
high recognition performance with different settings in the
lab scenario. The experimental results show that the proposed
HARNN approach can achieve a satisfactory performance.
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