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Abstract:  With the intensifying aging of the population, the phenomenon of the elderly living alone

is also increasing. Therefore, using modern internet of things technology to monitor the daily behav-

ior of the elderly in indoors is a meaningful study. Video-based action recognition tasks are easily

affected  by  object  occlusion  and  weak  ambient  light,  resulting  in  poor  recognition  performance.

Therefore,  this  paper  proposes  an  indoor  human  behavior  recognition  method  based  on  wireless

fidelity (Wi-Fi) perception and video feature fusion by utilizing the ability of Wi-Fi signals to carry

environmental information during the propagation process. This paper uses the public WiFi-based

activity  recognition  dataset  (WIAR)  containing  Wi-Fi  channel  state  information  and  essential

action  videos,  and  then  extracts  video  feature  vectors  and  Wi-Fi  signal  feature  vectors  in  the

datasets through the two-stream convolutional neural network and standard statistical algorithms,

respectively. Then the two sets of feature vectors are fused, and finally, the action classification and

recognition  are  performed by  the  support  vector  machine (SVM).  The  experiments  in  this  paper

contrast experiments between the two-stream network model and the methods in this paper under

three different environments. And the accuracy of action recognition after adding Wi-Fi signal fea-

ture fusion is improved by 10% on average.
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 1    Introduction
With  the  intensifying  aging  of  the  population,

the  phenomenon  of  the  elderly  living  alone  has

also gradually increased. At the same time, with

the  growth  of  age,  the  body  functions  of  the

elderly  begin  to  degenerate,  and  the  probability

of accidents also gradually increases.  The survey

shows that the probability of  the elderly getting

help  for  indoor  accidents  is  only  about  65%,

among  which  falling  and  collision  account  for

80%  of  the  accident  types  [1,  2].  They  are  also

the main causes of injury or death. This is due to

the lack of health supervision for the elderly [3].

Therefore,  it  is  a  meaningful  study  to  improve

the indoor detection technology of elderly activi-

ties  and  reduce  the  occurrence  of  accidents  by

utilizing advanced technologies of artificial intelli-

gence and the internet of things in modern.
With  the  development  of  machine  learning

and  artificial  intelligence,  computer  vision  has
made good progress in the fields of human behav-
ior  recognition  [4,  5],  video  event  retrieval  [6],
abnormal  behavior  detection  [7– 9],  and  other
video  tasks.  The  research  on  human  behavior
recognition  is  also  of  great  significance  to  the
development of the above video recognition tasks.
With the in-depth study of deep learning and the
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continuous expansion of the scale of various pub-
lic  datasets,  the  research  on  human  behavior
recognition has entered a diversified field, among
which video-based human behavior recognition is
the most widely used [10]. However, most videos
have good quality and prominent motion targets
in the general public training datasets. However,
it  is  often  difficult  to  obtain  high-quality  action
videos in  daily  life  due  to  the  diverse  and   com-
plex  living  environment  characteristics.  It  also
makes  the  video-based  action  recognition  task
vulnerable  to  the  interference  of  environmental
factors  such  as  different  target  angles,  camera
shake,  background  clutter,  target  occlusion  and
so on, resulting in the loss of video action  infor-
mation and the degradation of recognition perfor-
mance  [11,  12]. Therefore,  improving  the  perfor-
mance  of  human  behavior  recognition,  which  is
easily  affected  by  environmental  factors,  is  a
research project of great significance.

There are  many  kinds  of  methods  of   learn-

ing for the depth of the human behavior recogni-

tion task [13–15], including the traditional convo-

lutional  neural  networks  (CNN), the  3   dimen-

sional  convolutional  neural  network  (3DCNN),

the time series models based on short-term mem-

ory network, the two-stream neural network, etc.

Among them,  Tran  et al.  proposed  the   convolu-

tional  3D network (C3D)  [16] in which 3D con-

volution is used. 3D convolution network and 3D

pooling  operations  can  simultaneously  obtain

temporal  and  spatial  feature  information  from

continuous video  frames,  so  as  to  realize   behav-

ior  recognition  of  behavior  objects  in  video.

Kiwon Rhee et al. used depth visual guidance to

apply  electromyography  (EMG)  signals to   ges-

ture  recognition  tasks  [17].  This  method  uses

information other  than  video  to  complete   ges-

ture  recognition,  making  it  possible  for  more

multi-feature fusion recognition tasks. Hochreiter

et al.  proposed  the  long  short-term  memory

(LSTM) [18], which uses three different doors to

preserve  and  forget  information,  making  up  for

the  shortcomings  of  gradient  explosion  and  loss

in  the  initial  recursive  neural  network  (RNN).

Wen Qi  et al.  used  recursive  neural  networks  to

study  the  use  of  multi-sensor-guided  gesture

recognition [19]. Based on the multisensor fusion

model, a multilayer RNN consisting of an LSTM

module  and  a  dropout  layer  (LSTM-RNN)  is

presented, which is used for multi-gesture classifi-

cation and shows strong anti-interference ability.

And  Ref.  [20]  used  a  multi-modal  wearable

remote  control  robot  to  complete  the  task  of

breath  pattern  detection.  Simonyan  and  others

put  forward  the  innovation  of  the  two-stream

convolutional network for human behavior recog-

nition tasks [21]. The network consists of spatial

and  temporal  convolution  networks  that  do  not

interfere  with  each  other.  The  two  networks

extract their features, fuse them in a certain way,

and finally perform classification and recognition.

The network fully uses the spatiotemporal  infor-

mation in the action video and improves the per-

formance of video-based action recognition. How-

ever,  in  practical  application,  the  action  video

used  to  extract  optical  flow  information  in  two

flow  convolutional  neural  networks  is  easily

affected  by  environmental  factors,  resulting  in

the loss of action information, incomplete optical

flow information  extraction,  and  action   recogni-

tion performance degradation.

With  the  application  of  orthogonal  frequen-

cy  division  multiplexing  (OFDM)  [22]  technol-

ogy,  researchers  have  found  that  channel  state

information (CSI) signals have a higher sensitiv-

ity to  the  environment  in  the  propagation   pro-

cess  and  can  provide  more  specific  and  accurate

grained  information  [23,  24].  In  2014,  Halperin

et al.  released a CSI measurement tool  based on

an Intel-5300 network adapter (CSI-Tool) [25]. A

large  number  of  research  works  on  CSI-based

perception  have  emerged.  Among  them,  Wang

et al.  took  the  CSI  as  the  detection  signal  of

human fall behavior [26]. This method provides a

reference for CSI signals used in human behavior

recognition tasks.  In [27],  Guo et al.  constructed

a  Wi-Fi  based  activity  recognition  dataset

(WIAR)  and  proposed  a  Human  Activity
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(HuAc)  system,  proposed  a  subcarrier  selection

mechanism based  on  the  sensitivity  of   subcarri-

ers to  human  behavior,  and  established  a   rela-

tionship  library  between  CSI  and  human  joint

activity  to  achieve  pattern  matching.  [28]  pre-

sented a Wi-Fi-enabled gesture recognition using

dual-attention  network  (WIGRUNT)  model

using  residual  network  (ResNet),  which  used  a

dual-attention mechanism to distinguish whether

there are gesture movements and to identify the

categories  of  actions  by  dynamically  focusing  on

gesture movements in a time dimension and eval-

uating the correlation of signal CSI sequences.
Therefore, the main contributions and  inno-

vations  of  this  paper  are  as  follows.  This  paper
proposes the method of using the action informa-
tion  carried  by  the  wireless  fidelity  (Wi-Fi)
channel  state  information  to  compensate  for  the
lost  action  information  when  the  video  action
recognition task is affected by environmental fac-
tors. This paper mainly designs an indoor human
behavior recognition method based on Wi-Fi sig-
nal  perception  and  video  feature  fusion.  This
method  extracts  Wi-Fi  signal  features  from  a
standard  statistical  algorithm,  and  two  streams
of  convolutional  neural  network  extract  video

action features.  The  two  groups  of  feature   vec-
tors  are  fused [29, 30]  and input  into  a  Support
Vector Machine (SVM)  [31, 32] for classification
training. Finally, through the comparison experi-
ment in  three  different  environments,  it  is   veri-
fied  that  the  recognition  model  after  feature
fusion has higher accuracy.

 2    Overall Scheme Design
The  indoor  human  behavior  recognition  method

based on  Wi-Fi  signal  perception  and  video   fea-

ture  fusion  is  mainly  divided  into  three  parts:

video feature  extraction,  Wi-Fi  signal  CSI   fea-

ture  extraction,  feature  fusion  and  classification.

Fig. 1  shows the  workflow  of  the  human  behav-

ior recognition  method  based  on  Wi-Fi   percep-

tion and  video  feature  fusion.  In  the  video   fea-

ture extraction  part,  two  streams  of  a   convolu-

tional  neural  network  are  used  to  extract  the

action features in the video. The standard statis-

tical algorithm is  used to  remove the  Wi-Fi   sig-

nal  features  in  the  Wi-Fi  signal  acquisition.

Finally,  the  two  groups  of  feature  vectors  are

fused and input into SVM for classification train-

ing.

 
 

Indoor human behavior recognition system based 

on fusion of video and Wi-Fi sensing features

Input of video data

Video data preprocessing

Video frame and corresponding
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Fig. 1    Human behavior recognition process design based on feature fusion of Wi-Fi perception and video
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 3    Methodology

 3.1    Video Feature Extraction
The  information  contained  in  the  video  can  be

divided into two dimensions: space and time. The

spatial information  mainly  includes  the   back-

ground and object information in the video. Time

information refers to the relative displacement of

the object’s position along the time axis in a con-

tinuous  video  frame.  The  two-stream  network-

based  human  behavior  recognition  framework

proposed by Simanyan et al. makes full use of the

spatiotemporal  information of  action videos  [21].

The framework includes two independent convo-

lutional networks, one of which is used to extract

the  features  of  a  single  video  image,  that  is,

extract spatial information, which is called a spa-

tial convolutional network. The other one is used

to  extract  the  optical  flow  information  of  the

video,  that  is,  to  extract  the  time  information,

which is  called  the  temporal  convolutional   net-

work. The two network structures are trained on

the  single  frame  image  of  the  sample  video  and

the optical flow image extracted from the contin-

uous video  frame,  respectively.  Finally,  the   fea-

ture vectors extracted from the two networks are

fused  through  model  fusion  to  obtain  the  global

feature representation of the sample. Fig. 2 shows

the basic structure of a two-stream network.
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Fig. 2    Two-stream convolution neural network framework
 

The upper part of Fig. 2 is the structure of a

spatial convolutional network. A spatial convolu-

tional  network  is  a  classification  model  that

trains  the  target  features  of  samples  based  on  a

single video  frame  and  generates  the   classifica-

tion model of such images. When extracting spa-

tial  features,  the  extracted video  frames  need to

be  pre-processed.  Firstly,  all  video  frames  are

shortened to 256×256, and then 25 video frames

are  selected  with  equal  spacing.  Subsequently,  a

224×224 sub-image is obtained by cropping from

the  top  left  corner,  then  the  video  frame  is

inverted  90°  counterclockwise,  and  again  a

224×224 sub-image is obtained by cropping from

the top  left  corner.  Repeated  four  times,   crop-

ping and flipping the four corners and the center

of  each  frame,  i.e.,  we  can  get  5  sub-images  per

frame.  Finally,  input  the  spatial  network  to

extract features.  The  spatial  network  in  the   fig-

ure has a total of 8 steps, covering five convolu-

tion layers,  three  pooling  layers,  two  fully   con-

nected  layers,  and  a  classification  layer  (Soft-

max), in which the size and stride of the convo-

lution  kernel  are  set  for  each  convolution  layer.

For  example,  in  the  first  layer,  the  size  of  the

convolution  kernel  is  7×7,  and  the  number  of

convolution  kernels  is  96.  In  the  convolutional

network, the size of the pooling layer is 2×2, two
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fully  connected  layers  are  set  behind  the  last

pooling  layer,  and  a  feature  vector  of  2 048

dimensions is output in the seventh layer. A few

training samples often lead to an overfitting phe-

nomenon in the training process. The overfitting

phenomenon  refers  to  the  high  recognition  rate

during training due to the small number of train-

ing  sets  but  the  low  recognition  rate  during

experimental  testing.  To  reduce  the  overfitting

phenomenon,  the  dropout  function  is  added  to

the  fully  connected  layer  so  that  some  neuronal

features  do  not  participate  in  the  training.  Still,

their  feature  values  are  retained  in  the  training

model, which improves the robustness of the neu-

ral network. The values of the two-layer dropout

function in  this  paper  are  0.5  and  0.9,   respec-

tively.

The lower part of Fig. 2 shows the temporal

convolutional network  structure.  When   extract-

ing time  characteristics,  video  frames  are   con-

verted  to  optical  flow  maps,  which  range  from

dense  status  to  sparse  status  to  reduce  optical

flow  storage  space,  specifically  to  compress  red,

green  and blue  system (RGB)-like  images.  Save

all rescaled optical flow values to [0, 255] integer

as JPEG pictures. In this way, each optical flow

diagram will be more than 10 kbit, and the stor-

age  space  will  be  greatly  reduced.  The  resulting

optical  flow  map  is  then  rotated  and  clipped,

similar to  video  frame  preprocessing  in  the   spa-

tial  network.  Finally,  224×224×2L  light  flow

information for each sub-image is calculated and

fed  into  the  temporal  convolutional  network  to

extract  the  time  characteristics.  The  temporal

convolutional network  calculates  the   displace-

ment  of  pixels  on  the  time  axis  in  a  continuous

video  frame  image.  Finally,  the  expulsion  of  all

pixels forms an optical flow field, which is decom-

posed  into  horizontal  and  vertical  vectors.  The

vector  information of  these  two directions  is  the

convolutional  network ’s  channel  input  sample,

and the time feature is extracted by convolution.

The  concrete  implementation  step  is  to  regard

dt

(t+ 1) (u, v)

dt(u, v)

t (t+ 1)

dyt

dxt dyt

Im(u, v, c) ∈ R2whL

the optical  flow information of pixels as a set of

displacement  vectors    between  adjacent  video

frames t and  . Random in a pixel  , by

point derivative  , can be said that the pix-

els between   and   frame, the displacement

vector of the image, and the image sample can be

regarded  as  a  vector  field,  including  horizontal

and vertical components and   can be regarded

as  the  input  channel  of  the  image.  To  show

movement  in  continuous  video  frames,  the  time

convolution input L adjacent frames of the opti-

cal  flow  vector  field  of  the  channel    and  ,

and formed 2L input channels. Set the width and

height of the video size of w and h,  respectively.

For  any  frame  n  input  convolution  network

capacity    by  the  following  to

achieve

Im(u, v, (2k − 1)) = dx

n+k−1(u, v) （1）

Im(u, v, 2k) = dy

n+k−1(u, v) （2）

(u ∈ [1, w]; v ∈ [1, h]; k ∈ [1, L])

dx
n+k−1(u, v) dy

n+k−1(u, v)

(u, v) Im(u, v, c),

c ∈ [1, 2L]

where    and    indicate  that

the  pixel  point  is  in  a  specific  direction,  and x

and y represent the horizontal and vertical direc-

tions of the coordinates established for the image

frame. So  for  a  bit  ,  the  channel 

 on L frames is used to encode point of

displacement,  and  then  the  encoded  information

is input  for  convolution  network  feature   extrac-

tion.

Finally,  the  two  features  are  fused  through

model fusion, as shown on the right side of Fig. 2.

The  feature  vectors  extracted  from  spatial  and

temporal convolutional networks are arranged in

a particular order to obtain the global features of

the samples. This paper uses the two-stream con-

volution  neural  network  framework  displayed  in

Tab. 1.  In  the  two-stream  network  framework

used in this paper, characteristics of 2 048 dimen-

sions  are  extracted  from  spatial  and  temporal

networks, respectively. After the classification by

softmax layer, the classification results are fused,
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and  finally,  a  vector  descriptor  with  the  video

feature of 4 096 dimensions is obtained.

 3.2    Wi-Fi Signal Feature Extraction
CSI  is  a  kind  of  information  that  can  carry  the

variation characteristics  of  its  transmission com-

munication  link.  This  information  can  measure

the  variation  of  channel  state  and  the  weakness

degree  of  Wi-Fi  signal  on  multiple  transmission

paths.

The CSI  measures  the  channel  by   portray-

ing each multipath component (multipath trans-

mission) with time  and  frequency  domain   infor-

mation. In the time domain,  CSI uses  the chan-

nel  impulse  response  to  represent  the  energy

value of the signal arriving at the receiver. CSI is

more  sensitive  to  the  environment  and  better

portrays  the  environmental  changes  caused  by

the  actions,  as  it  can  describe  the  channel

changes from  time  and  frequency  domain   infor-

mation  through  subcarriers  respectively.  The

principle of using CSI in Wi-Fi signals for action

recognition is that Wi-Fi signals will form differ-

ent  multipath  reflections  when  they  encounter

moving targets during propagation, which makes

the  CSI  parameters  at  the  receiving  end  change

and thus  form  different  CSI  waveforms.   There-

fore,  different  movements  can  be  identified

according to the different CSI waveforms.

CSI signals  are  generally  described as  chan-

nel  impulse  response  (CIR).  The  frequency

domain  expression  of  CSI  signal  is  transformed

by International  Football  Friendship   Tourna-

ment (IFFT) to obtain CIR.

CIR can be expressed as

h(t) =

N∑
i=1

αie−jθiδ(t− τi) （3）

αi

θi τi

δ(t− τi)

where   is the amplitude decay of the ith path,

  is  the  phase  offset  of  the  ith  path,    is  the

time delay of the ith path, N is the total number

of paths, and   is the Dirac δ function.
H(fi)

fi

|H(fi)| ∠H(fi)

After  Fourier  transform,    is  the  CSI

response  value  with  center  frequency  ,  where

  is  the  amplitude  value  and    is  the

phase value.

H(fi) = |H(fi)| ej∠H(fi) （4）

In the  acquisition  process,  each  packet   con-

taining  a  group  of  subcarriers  is  sent,  and  its

expression is shown as

H = [H(f1),H(f2)...,H(fi), ..., H(fNS)] （5）

where  i  represents  the  number  of  subcarriers, N

represents  the  number  of  data  packets  received

by each antenna, and S represents the number of

antennas capable of receiving data.

After  multipath  transmission,  the  received

signal at the receiver is expressed as

Y (f, t) = H(f, t) +X(f, t) +Nnoise （6）

Y (f, t)

X(f, t)

H(f, t)

t f

Nnoise

where,    is the  frequency  domain   represen-

tation  of  the  received  signal,    is  the  fre-

quency domain representation of the transmitted

signal,    is  the  channel  frequency  response

(CFR) at the time  ,   is the center frequency of

the  subcarrier,  and    is  the  environmental

noise  carried  in  the  propagation  process.  Thus,

the  representation of  the  CSI  signal  is  obtained.

For details, please refer to reference [33].

 

Tab. 1    Two-stream convolution network parameters
 

Parameter
The spatial

network value

The temporal

network value

Input layer 224×224 224×224×2L

Convolution layer

7×7×96

stride 2;

5×5×256

stride 2;

3×3×512

stride 1;

3×3×512

stride 1;

3×3×512

stride 1;

7×7×96

stride 2;

5×5×256

stride 2;

3×3×512

stride 1;

3×3×512

stride 1;

3×3×512

stride 1;

Pooling layer 2×2 2×2

Full connection layer 4 096; 2048 4 096; 2048

Activation function
Rectified linear

unit (ReLU)
ReLU

Loss function
Cross-entropy

loss function

Cross-entropy

loss function

Optimizer Adam Adam

Dropout 0.5; 0.9 0.5; 0.9

Learning rate 0.001 0.001
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As CSI  is  a  fine-grained  physical  layer   sig-

nal,  it  is  more  sensitive  to  the  environment.  It

can carry environmental information, so CSI sig-

nal is often used for recognition in the research of

human  behavior  recognition.  The  data  values  of

CSI are the amplitude and phase of each subcar-

rier corresponding to the frequency domain space

after  OFDM  technology  decoding.  These  values

are the  action  information,  and  some  noise   car-

ried  in  the  propagation  process.  OFDM  enables

Wi-Fi  signals  to  be  transmitted  in  parallel

through  multiple  carrier  channels,  significantly

improving communication  efficiency.  This   tech-

nology  is  widely  used  in  Wi-Fi  wireless  devices.

The main working principle of OFDM is to con-

vert  the  Wi-Fi  signal  into  several  subcarriers,

which  are  orthogonal  to  each  other,  and  then

modulate the subcarriers to the sub-channels  for

parallel low-speed data stream transmission. The

orthogonal  feature  of  subcarriers  can  reduce  the

interference  among  transmission  channels. Fig. 3

shows how it works.
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modulation

OFDM 

demodulation
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Signal

modulation
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serial 

conversion
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Channel decoding

Multipath fading 

channel

Fig. 3    Working principle of OFDM system
 

Fig. 4  is  a  schematic  diagram  of  action

acquisition.  The  transmitter  of  the  signal  (the

left part of Fig. 4) is a Wi-Fi router; the receiver

of the call (the right amount of Fig. 4) is a com-

puter equipped with an Intel-5300 Network Inter-

face  Card  (NIC);  the  middle  part  is  the  active

area  of  the  moving target,  and the  sender  sends

the signal.  During the propagation process,  mul-

tipath reflection  occurs  through  static   environ-

ments such as the mover or the ground, forming

different  propagation  paths  and  finally  collected

by the receiver.
 
 

Fig. 4    Schematic diagram of CSI signal acquisition
 

In  this  paper,  the  public  data  set  WIAR is

used to extract CSI signal features for classifica-

tion  training,  which  contains  16  sets  of  CSI

action data, such as standing, squatting, and sit-

ting, completed by three volunteers. The data is

in the form of a “.dat” file, which can be directly

processed in matrix laboratory (MATLAB). Dur-

ing the  action  recognition  and  detection   experi-

ment,  the  Wi-Fi  signal  sending  and  receiving

environment  should  be  established  in  the  room.

The  Wi-Fi  router  completes  the  Wi-Fi  signal-

sending terminal. The acquisition program is run

first,  and  the  router  starts  to  send  data.  The

movement  process  will  cause  a  change  in  the

transmission  path  of  the  Wi-Fi  signal,  so  the

movement information is carried in the transmis-

sion  process.  The  computer  equipped  with  the

Intel-5300  NIC  receives  Wi-Fi  signals  and  saves

them. The CSI-tool saves the collected Wi-Fi sig-

nals as a “.dat” file. Because the receiver of the
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Intel-5300  network  adapter  is  equipped  with
three antennas, each antenna receives 30 subcar-
riers  at  a  time.  So  each  data  packet  is  a  data
matrix of 3 × 30. The collected CSI waveform is
shown in Fig. 5.

The  collected  CSI  data  needs  to  be  repro-

cessed.  Abnormal  sample  points  will  inevitably

appear  in  the  process  of  data  collection.  This

paper uses Hample outlier detection to eliminate

the data values with large differences. MATLAB

was  used  to  write  an  outlier  detection  program,

which  stipulated  that  the  median  value  of  the

corresponding  sample  point  and  the  standard

deviation of  the  pair  median  value  were   calcu-

lated for 30 subcarriers of an input data packet.

If  the  sample  point  exceeded  or  was  equal  to

three  standard  deviations  below  the  median

value, the sample point would be an outlier. The

median value would be used to replace the sam-

ple point.
 
 

30
28
26
24
22
20

S
ig

n
al

-t
o
-n

o
is

e 
ra

ti
o

(S
N

R
) 

(d
B

)

18
16
14
12
10

0 5 10 15

Subcarrier index

(a)

20 25 30

30

28

26

24

22

20
S

ig
n
al

-t
o
-n

o
is

e 
ra

ti
o

(S
N

R
) 

(d
B

)
18

16

14

12
0 5 10 15

Subcarrier index

(b)

20 25 30

30

25

20

15

S
ig

n
al

-t
o
-n

o
is

e 
ra

ti
o

(S
N

R
) 

(d
B

)

10

5

0
0 5 10 15

Subcarrier index

(c)

20 25 30

28

26

24

22

20

S
ig

n
al

-t
o
-n

o
is

e 
ra

ti
o

(S
N

R
) 

(d
B

)

18

16

14

10

12

0 5 10 15

Subcarrier index

(d)

20 25 30

Fig. 5    CSI waveform diagram: (a) standing; (b) sitting; (c) jumping; (d) walking
 

Since  Wi-Fi  signals  are  susceptible  to  an

indoor environment,  changes  in  the  indoor   envi-

ronment  (such  as  the  unintentional  actions  of

collectors,  ambient  temperature,  etc.) will  affect

the  information  carried  by  the  channel  state

information  CSI.  Therefore,  Wi-Fi  signals  inevi-

tably  have  noise,  which  makes  it  impossible  to

extract Wi-Fi  signal  features  directly.  The   fre-

quency of CSI waveform changes caused by mov-

ing targets belongs to the low-frequency part. By

contrast,  the  frequency  of  environmental  noise

carried by moving targets belongs to the high-fre-

quency  domain.  Therefore,  low  pass  filtering  is

adopted in  this  paper  to  reduce  noise  after   out-

liers are removed. And the PAC principal compo-

nent analysis  is  used  to  extract  the  CSI   wave-

form features.

Finally, the waveform is  interpolated.   Inter-

polation  is  the  numerical  estimation  of  points

where  data records  do not  yet  exist,  based on a

known  data  sequence,  according  to  some  law.

Since  the  CSI  signal  is  subject  to  some  loss  on

some links  due  to  absorption  by  various   furni-

ture,  equipment  and  walls,  it  can  happen  that

the  collected  packets  will  have  a  small  loss  of

deviation.  Therefore,  to  ensure  the  integrity  of

the experiment,  each  subcarrier  stream   ampli-

tude is interpolated according to the actual wave-

form to reduce and offset the loss. Because only a

small amount of data needs to be estimated, the
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amount  of  data  is  small  and  the  computational

effort  is  small.  So  linear  interpolation  is  chosen.

In other words, the two data adjacent to the left

and right of the packet that needs to be interpo-

lated  in  the  sequence  are  estimated  numerically

for  filling,  and  the  signal  segments  containing

action  information  are  marked  out  to  reduce

interference  for  subsequent  feature  fusion  and

action classification.
Finally, the standard statistical algorithm is

used  to  extract  the  features  of  the  image  data.
This  paper  selects  the  average  value,  maximum
value,  minimum  value,  standard  deviation,
amplitude,  average  absolute  deviation,  variance,
and  eight  mode  feature  values.  There  are  three
antennas at the signal receiver, each antenna has
30  subcarriers  at  a  time,  and  each  waveform
extracts eight eigenvalues. Therefore, the feature
vector  of  720  dimensions  is  finally  obtained  and
saved in the file of the “.mat” type, namely the
feature vector of the Wi-Fi signal.

 3.3    Feature Fusion and Classification
Feature  fusion  is  the  method  of  extracting  the
feature information of the same research object in
different ways and fusing the feature information
to  obtain  new  features.  The  feature  fusion
method  can  compensate  for  the  shortcomings  of
different techniques and complement each other.
This  paper  adopts  the  approach  of  early  fusion.

Prefusion  is  usually  used  in  traditional  machine
learning,  a  relatively  simple  and  convenient
method. The feature information extracted differ-
ently will be spliced and fused into a new feature
vector with a specific length and the sum of mul-
tidimensions as the final feature representation of
the  research  object  [34].  When  multi-feature
fusion occurs,  it  is  unavoidable  that  the   dimen-
sion of feature data is not uniform. The eigenvec-
tors  can  then  be  dimensionally  adjusted  or
reduced  [35].  Then  the  corresponding  elements
can  be  fused  into  a  new  feature  vector  through
accumulation and multiplication. Finally, classifi-
cation  learning  is  committed  to  completing  the
recognition task.

In  this  paper,  the  video  feature  vector  and

CSI  feature  vector  are  fused  in  the  early  stage,

and the two groups of feature vectors are directly

spliced together. The dimension of the video fea-

ture  vector  is  4 096  dimensions,  the  CSI  signal

feature vector is 720 dimensions, and the dimen-

sion of each sample feature vector after fusion is

4 816  dimensions.  Fig. 6  shows the   implementa-

tion process  of  early  fusion.  It  can be  seen from

Fig. 6 that CSI feature values are directly spliced

together with  video  feature  vectors  after   adjust-

ing the dimension of feature vectors. Ensure that

all eigenvalues  are  equally  involved  in   classifica-

tion calculation and classification recognition.
 
 

2 048 dimensional space feature vector

2 048 dimensional time feature vector

720 dimensional

feature values

The early

stage of the

fusion

Full feature

vector of action

Fig. 6    Schematic diagram of feature fusion
 

When  the  new  feature  vector  after  feature

fusion is  obtained,  it  can  be  input  to  the   classi-

fier for action classification and recognition. The

commonly  used  classifier  is  the  SVM algorithm,

which is usually called a classifier [36].

At  first,  SVM  was  mainly  used  to  solve

binary  classification  problems,  and  then  it  was

gradually developed and applied in multi-classifi-

cation tasks  and  became  the  mainstream   algo-

rithm in the field of traditional machine learning.
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After the known feature information samples are

input to SVM, the relationship between the  fea-

ture data and the sample label is  found through

training, and a function model for classification is

finally  generated.  The  generated  function  model

is used to  classify  and predict  the  unknown  fea-

ture  information.  According  to  the  classification

method, it  can  be  divided  into  linear   classifica-

tion  and  linear  non-classification.  In  this  paper,

the linear function is selected as the kernel func-

tion, and its expression is as follows

f(x, xi) = kxxi （7）

where  x  is  the  sample  to  be  identified,  xi  is  the

sample for training classification, and  f (x, xi)  is

used to calculate the similarity between sample x

and training sample xi.

Its  linear  classification principle  is  shown in

Fig. 7. The essence of SVM’s classification task is

to find  an  optimal  classification  decision   hyper-

plane  for  similar  features  by  repeatedly  training

the features  in  the  data  set.  When the  new  fea-

ture information  is  input,  the  feature   informa-

tion can be accurately classified according to the

linear kernel function model corresponding to the

hyperplane.  It  can  be  seen  from Fig. 7  that  the

circle and the cross represent two different cate-

gories  of  feature  data sets,  namely samples.  The

two samples are separated by a straight line, and

this  classification  is  linearly  separable.  Among

them,  the  distance d between  the  circle  and  the

cross is called the interval. SVM obtains the clas-

sification  decision  hyperplane  by  solving  the

maximum interval d, which can accurately sepa-

rate the sample points of different categories.
  

d
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Fig. 7    Linear separable optimal hyperplane

f(x) = ωx+ b ω b

f(x) = 0

x

f(x) ⩽ 0

f(x) > 0

Assuming  hyperplane  classifier  expressions

for    (   is  parameter  matrix,    is

intercepting), can separate the two kinds of  fea-

ture information thoroughly, when  ,  and

sample   is on the hyperplane. When the sample

point function value   , its category label

is (－1),  and when  , the sample label is

1, which can realize the recognition of samples.

According  to  the  experimental  environment

designed in this paper, Library for Support Vec-

tor Machines (LibSVM) is used as a classifier for

the  fused  feature  vectors.  LibSVM  is  an  open-

source  SVM  software  package  developed  in  a

MATLAB  environment,  which  can  be  compiled

and  used  directly  in  MATLAB  software.  This

package  provides  many  parameter  settings  for

the function model, and different settings of these

parameters can  solve  various  classification  prob-

lems. Facing the requirements of other classifica-

tion  problems,  it  only  needs  to  complete  the

required parameter  settings  for  the  selected  ker-

nel  function  model,  which  reduces  the  frequent

training  links  of  feature  information  and  the

learning difficulty.

LibSVM provides multiple learning methods,

such  as  one-to-one  and  one-to-many,  which  is

suitable for numerous dichotomous or multi-clas-

sification tasks.  In  this  paper,  cross-validation is

used to evaluate classification accuracy. The spe-

cific implementation steps are as follows.

1)  Firstly,  the  training  dataset  is  divided

into five action sub-datasets.

2) Then,  the  sub-datasets  of  one  action  are

selected  as  one  class,  and  the  four  remaining

action  data  sets  are  selected  as  the  other  class.

This is  equivalent to constituting a dichotomous

classifier.

3)  Take  5  consecutive  times,  construct  5

classifiers, and record the recognition accuracy of

each classifier.

4) Finally, the average value of the results of

the five classifiers is calculated as the final recog-

nition accuracy.
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 4    Experimental  Design  and  Analy-

sis of Results

 4.1    Experimental Environment
According to the experimental  requirements,  the

testing equipment used in this paper is as follows.

1) Hardware

Wi-Fi router  with  TP-Link,  camera,  a   lap-

top computer equipped with Intel-5300 NIC.

2) Software

MATLAB 2019, Pycharm 2020, LibSVM.

3) Experimental Environment

During  the  experiment,  a  quiet  and  closed

environment  was  maintained  to  minimize  the

interference  of  environmental  noise.  The  Wi-Fi

router  is  the  transmitter  of  Wi-Fi  signals,  and

the  Intel-5300  NIC is  the  receiver.  The  distance

between the transmitter and receiver is 3 m, and

the middle is  the motion range of the mover.  In

front  of  the  athlete  there  is  a  camera  to  record

video of the action.

In order to verify the change in action recog-

nition  performance  after  feature  fusion,  the

experiment is divided into three parts. The two-

stream network framework and the feature fusion

model are used to conduct comparison tests in a

normal environment, dark environment, and par-

tially occluded environment.

 4.2    Analysis of Experimental Data
During the experiment, the five actions were rec-

ognized and  detected  by  the  two-flow   convolu-

tional  neural  network  and  the  proposed  feature

fusion  method  in  three  environments,  namely

normal environment,  dark  light  and  local   occlu-

sion.  The  recognition  results  were  statistically

analyzed in the following section.

Tab. 2 shows the statistics of action recogni-

tion results  in  the  comparison  test  under  a  nor-

mal  environment.  As  can  be  seen  from  Tab.  2,

under normal circumstances, both the two-stream

convolutional  network  behavior  recognition  and

the feature fusion method proposed in this paper

have good performance. And the recognition rate

of  the  five  types  of  movements  is  above  80%,

with  the  recognition  accuracy  of  standing  and

walking adding CSI feature fusion reaching 100%.

While  other  action  recognition  accuracy  remains

the same. The reason is that the recognition rate

is  low  due  to  the  different  jumping  heights  and

jumping postures of different moving targets.

It  is  not  difficult  to  see  from  Tab.  2  that

human  behavior  recognition  based  on  the  two-

stream network  framework  has  a  good   perfor-

mance  in  a  similar  typical  environment.  At  the

same time, the feature fusion method with Wi-Fi

signal can only improve the accuracy of behavior

recognition for standing and walking, which have

a  small  range  of  actions  and  similar  actions  of

different targets.
  

Tab. 2    Data statistics under normal environment
 

Action

category

Two-stream network

identification

Video and CSI feature

fusion identification
Identification

number
Accuracy

Identification

number
Accuracy

Standing 10 90.0% 10 100.0%

Squatting 10 90.0% 10 90.0%

Sitting 10 90.0% 10 90.0%

Walking 10 90.0% 10 100.0%

Jumping 10 80.0% 10 80.0%
 

Tab. 3 shows the statistical results of action

recognition  in  the  comparison  test  under  a  low

light  environment.  From Tab.  3 analysis,  in  the

case  of  dimmed  environmental  light,  caused  by

the change of the optical flow information, activ-

ity recognition based on the two-stream convolu-

tional network performance descends, and recog-

nition accuracy of five kinds of action are down.

Although the performance of activity recognition

based  on  video  and  CSI  feature  fusion  falls

slightly,  its  recognition  accuracy  is  still  higher

than  the  former  under  the  same  environmental

conditions. The recognition performance is much

higher  than  action  recognition  based  on  two-

stream  network.  This  also  proves  that  motion

recognition incorporating Wi-Fi signal fusion can

overcome  environmental  interference  caused  by

light changes. 
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Tab. 3    Data statistics in dark environment
 

Action

category

Two-stream network

identification

Video and CSI feature

fusion identification
Identification

number
Accuracy

Identification

number
Accuracy

Standing 10 80.0% 10 100.0%

Squatting 10 80.0% 10 90.0%

Sitting 10 80.0% 10 90.0%

Walking 10 70.0% 10 90.0%

Jumping 10 60.0% 10 80.0%
 

In  this  experiment,  the  moving  area  of  the

moving  target  was  partially  set  below  the  knee.

As can be seen from Tab. 4, because the moving

target in the video was blocked, the action recog-

nition performance  based  on  the  two-steam net-

work was  significantly  decreased,  and the  move-

ments with obvious leg floating in squatting and

walking were  significantly  affected  by  the   occlu-

sion. The motion recognition based on video and

Wi-Fi signal feature fusion has little influence on

the  recognition  performance  due  to  CSI  feature

compensation.  However,  the  motion  posture  and

amplitude of  different  moving  targets  are   differ-

ent,  and  Wi-Fi  carries  environmental  noise,

which  cannot  be  eliminated,  so  the  recognition

accuracy  of  squatting  and  walking  actions  is

slightly reduced. It can be concluded from Tab. 4

that  local  occlusion  has  a  great  impact  on  the

performance  of  action  recognition  based  on  a

two-stream  network.  After  adding  Wi-Fi  signal

feature fusion, the performance of action recogni-

tion  is  improved  due  to  the  action  information

carried by Wi-Fi.
  

Tab. 4    Data statistics under partial occlusion
 

Action

category

Two-stream network

identification

Video and CSI feature

fusion identification
Identification

number
Accuracy

Identification

number
Accuracy

Standing 10 80.0% 10 100.0%

Squatting 10 60.0% 10 80.0%

Sitting 10 70.0% 10 90.0%

Walking 10 60.0% 10 80.0%

Jumping 10 70.0% 10 80.0%
 

Through comparative tests in three environ-

ments, it can be seen that environmental factors

have a great impact on the performance of action

recognition  based  on  the  two-stream  network.

After  CSI  feature  fusion  is  added,  although  the

recognition  accuracy is  slightly  decreased due  to

environmental interference,  the  overall   recogni-

tion accuracy is significantly improved compared

with  that  of  the  two-stream  network.  After

experimental  verification,  the  indoor  human

behavior recognition method based on Wi-Fi per-

ception and video feature fusion proposed in this

paper  can  improve  the  performance  of  human

behavior  recognition  based  on  the  two-stream

network  when  it  is  interfered  by  environmental

factors.

 5    Conclusion
This  paper  introduces  action  recognition  based

on  video  task  easily  affected  by  environmental

factors such as light, and background. Therefore,

in  order  to  improve  the  performance  of  action

video under  the  influence  of  environmental   fac-

tors,  this  paper  proposes  a  human  behavior

recognition solution for action video that utilizes

information  features  carried  by  Wi-Fi  signals  to

compensate for  information  loss  due  to   environ-

mental factors. An indoor human behavior recog-

nition  method  based  on  Wi-Fi  perception  and

video  feature  fusion  is  designed.  The  extracted

video  feature  vectors  and  Wi-Fi  channel  state

information feature  vectors  are  fused  and finally

input into  the  support  vector  machine  to   com-

plete classification and recognition.

Finally, after  adding  the  two-stream   convo-

lutional  networks  and  a  feature  fusion  system

under the environment of the three different con-

trast  experiments,  respectively,  the  experiment

selected  the  five  experiments,  compared  to  the

experimental data, after joining the Wi-Fi signal

feature fusion of 5 kinds of human action recogni-

tion  accuracy  which  were  improved,  and  could

overcome  particular  environmental  interference.

Considering  that  video  and  Wi-Fi  signals  have

advantages  and  disadvantages,  the  research  of
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weighted feature fusion based on video and Wi-Fi

signals  has  excellent  potential.  Looking  forward

to the future, the feature fusion of the video and

Wi-Fi signals can overcome environmental  inter-

ference  and  effectively  improve  the  accuracy  of

indoor video tasks.
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