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Abstract 
With the popularity and development of indoor WiFi equipment, they have 
more sensing capability and can be used as a human monitoring device. We 
can collect the channel state information (CSI) from WiFi device and acquire 
the human state based on the measurements. These studies have attracted 
wide attention and become a hot research topic. This paper concentrated on 
the crowd counting based on CSI and transfer learning. We utilized the CSI 
signal fluctuations caused by human motion in WiFi coverage to identify the 
person count because different person counts would lead to unique signal 
propagation characteristics. First, this paper presented recent studies of crowd 
counting based on CSI. Then, we introduced the basic concept of CSI, and 
described the fundamental principle of CSI-based crowd counting. We also 
presented the system framework, experiment scenario, and neural network 
structure transferred from the ResNet. Next, we presented the experiment 
results and compared the accuracy using different neural network models. 
The system achieved recognition accuracy of this 100 percent for seven par-
ticipants using the transfer learning technique. Finally, we concluded the pa-
per by discussing the current problems and future work. 
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1. Introduction 

In recent years, with the popularity of WiFi devices and the development of wire-
less sensing technology, device-free human activity identification research has 
achieved some results because WiFi devices provide some environment-sensing 
capability. For example, we can implement much human behavior recognition, 
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including daily behavior recognition [1] [2] [3] [4], fall detection [5] [6] [7], 
hand recognition [8] [9], and human state monitoring [10] [11] [12] [13]. The 
sensing technique can effectively identify the human state in the region and 
provide more information for intelligence applications. These CSI applications 
have many advantages over traditional technologies requiring the subject to 
wear sensors actively. We focus on crowd counting with WiFi CSI in device-free 
human sensing techniques. The following sections divide the crowd count 
into two categories according to whether they use WiFi signals. We present 
the current crowd count progress based on non-WiFi devices and WiFi sig-
nals. 

1) Crowd counting based on non-WiFi signals 
There are many different kinds of crowd counting methods based on non-WiFi 

signals. Here, we investigate some typical signals used to implement crowd count-
ing, including video, light, sound, and ultra-wide bandwidth (UWB) signals. The 
traditional crowd counting methods are image-based and have achieved many re-
search results. An extensive review of video-based demographics and behavioral 
understanding by Grant [14] et al. has investigated the computational methods 
of population number and density. It summarizes the datasets used for popula-
tion activity video perception. With the continuous development of technology, 
light-based population detection has also attracted the attention of researchers. 
Aubida A. Al-Hameed [15] et al. first proposed LiDal, an indoor light detection 
radar system for personnel counting and positioning. The system uses multiple 
transmitters and receivers to capture visible light reflected from the target’s body 
and uses light-emitting diodes or lasers to encode the data as light intensity. The 
experimental results prove that the system can decrease errors in an indoor en-
vironment with 15 people. Oliver Shih [16] et al. propose an effective sensing 
scheme that utilizes fluctuation in a room’s acoustic features to calculate the 
number of participants. A dense crowd counting scheme based on the CTF-DBF 
mixed feature extraction by the IR-UWB radar was proposed by Xiuzhu Yang 
[17] et al. In the case of 20 people, the highest recognition accuracy is above 
97%. 

2) Crowd counting based on WiFi signals 
Several non-WiFi population counting methods have many privacy, cost, dep-

loyment, and other issues, limiting their wide application. With the extensive 
deployment of wireless networks, the crowd counting method based on WiFi 
signal has low cost, convenient deployment, privacy protection and many other 
advantages, making it has a wide range of application prospects. At present, 
two typical wireless signals, including received signal strength (RSS) and 
channel state information (CSI), are used in WiFi-based population counting 
applications. This paper mainly focuses on the application of the CSI. 

Most crowd counting based on WiFi CSI is mainly divided into pattern-based 
and deep learning methods. The pattern-based approach establishes the one-to-one 
correspondence between the signal change mode and the number of human ac-
tivities by finding the transformation law of CSI signals and constructing fea-
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tures to identify the number of populations. Han Zou [18] et al., in 2018, pro-
posed WiFree, a device-free WiFi detection scheme using the commercial Inter-
net of Things devices. It implemented occupancy detection and crowd counting. 
It proposed a scheme to model human motion using information theory. Expe-
riments show that the proposed system achieves an average population accuracy 
of 92.8%. 

With the development of artificial intelligence, crowd counting based on CSI 
and deep learning has become a hot research topic. It can extract CSI features 
from a given data sample and build the relationship between signal variation and 
the number of the person through neural networks. Compared with the machine 
learning methods, the deep learning method has the advantages of automatically 
extracting behavioral features and implementing high accuracy. Typical neural 
networks include convolutional neural network (CNN), long short-term memo-
ry (LSTM). Liu [19] et al. first proposed an algorithm for crowd counting in a 
WiFi environment named DeepCount. The system automatically extracts fea-
tures using both CNN and LSTM. The model identification accuracy reached 
90% in the 5-person experimental scenario. Zhou [20] et al. in 2020 proposed a 
scheme based on WiFi CSI using only a pair of transceivers to achieve crowd 
counting. This scheme uses a DNN regression model to infer the number of 
people from the changes in real-time CSI. Experiments show that the scheme 
achieves a counting accuracy of 100% for six people, an accuracy of 97.7% for 34 
people, and an accuracy of 99.3% for two people. 

Although the above studies have achieved good system performance, these 
studies usually employed a specific neural network model. At the same time, 
many deep learning models have been proved very effective for computer vision 
applications. Therefore, transfer learning for the CSI application is a hot re-
search topic. This paper focuses on transfer learning for crowd counting using 
CSI. Specifically, we used the ResNet for crowd counting using the CSI signal. 

The contribution of this paper can be summarized as follows. We proposed a 
crowd counting system using CSI and the transfer learning technique. It achieved 
100 percent for seven participants just using the standard ResNet model. This 
result proves that transfer learning can be utilized to implement crowd counting 
using the CSI signal. It also indicates that transfer learning has a broad applica-
tion perspective about human behavior recognition using the traditional transfer 
learning model. 

2. Methodology 
2.1. CSI Introduction 

Channel state information is mainly designed to measure the channel properties 
of the propagation link, describing the factors in each propagation path. The CSI 
can be depicted as a complex value matrix H, and it is affected by many factors, 
such as signal scattering, environmental weakness (fading, multipath fading or 
shadowing fading), distance decay (power decay of distance) and other informa-
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tion. In the frequency domain, the channel can be described as: 

Y H X N= × +                        (1) 

In the Formula (1), X represents the transmit signal vector; Y is the received 
signal vector; H denotes the signal matrix and N describes the additive Gaussian 
white noise. The CSI can be classified into different subcarrier groups based on 
the drive of the receiving device. The subcarrier of the channel can be explained 
as: 

( )sine ij H
i iH H ∠=                       (2) 

In the Formula (2), iH  is the amplitude of the ith subcarrier, indicating the 
WiFi signal amplitude; the angle is the phase of the ith subcarrier, indicating the 
periodic change of the signal. Therefore, the amplitude information and phase 
information are used to describe the channel state and can be utilized for real 
environmental sensing. 

2.2. Framework of the System 

The basic principle of crowd counting using WiFi CSI can be explained as fol-
lows. When the person passes through the range of WiFi signal coverage, the 
propagation path of WiFi signal will undergo some complex changes. The crowd 
count can be recognized by analyzing the relationship between the CSI fluctua-
tions and the number of a crowd [19]. 

Next, we describe the system framework. The WiFi CSI-based crowd counting 
system mainly consists of three parts, including experimental data collection, 
CSI data processing, and population number identification, as shown in Figure 
1. When the PC and AP can communicate normally, the CSI data can be col-
lected in the notebook with the Intel 5300 network card by modifying the driver  
 

 

Figure 1. The framework of WiFi CSI-based people counting. 
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of the Intel 5300 network card. After collecting the raw CSI data, the amplitudes 
are selected as the base signal and normalized for the analysis. The amplitude 
information of the CSI is then converted into a spectral feature map. Finally, the 
feature map containing the population quantity information is input into the 
three designed neural networks (AlexNet [21], VggNet [22], ResNet [23]). By 
training, checking and testing the network model, the identification of seven pop-
ulations (1 - 7 people) is finally realized. 

Finally, we describe the experiment devices. We use JCG-134E30 wireless 
router as the transmitter of WiFi signal and the Lenovo E420 laptop that con-
tains a built-in Intel 5300 network card. After collecting the original CSI data, we 
choose the amplitude as the base signal because it will generate severe fluctua-
tions when the number of people changes, which is crucial for signal measure-
ments.  

2.3. Transfer Learning and Neural Network 

The concept of deep learning stems from the research of artificial neural net-
works. At the same time, deep learning is also recognized as a kind of machine 
learning. Unlike traditional machine algorithms, this algorithm mainly realizes 
data classification by training neural network models.  

Transfer learning is a technique in which we can transfer the model trained to 
other datasets that have never been seen. Specifically, we can transfer the learn-
ing of the model with its training parameters on a generic dataset to our data 
sample. For example, we can use the computer vision model trained on millions 
of images on the CSI data.  

This paper utilizes the transfer learning technique to implement human crowd 
counting. Specifically, we employ ResNet151 to fulfill the crowd counting using 
CSI. We also compare the model with other typical neural network models, such 
as AlexNet and VggNet, to validate the effectiveness of the selection. Next, we 
introduce the three network models (AlexNet, VggNet and ResNet) used in this 
paper. 

The basic structure of AlexNet is shown in Figure 2. The AlexNet consists of 
8 layers, the first five layers are convolutional, and the last three layers are 
full-connected. If any convolution layer is removed, the classification perfor-
mance of the network is greatly reduced. 

The name of VggNet is derived from the study group name (Visual Geometry 
Group), and its structure is shown in Figure 3. Most of the whole network use 
convolution filters of 3 * 3 and max-pooling of 2 * 2 to deepen the network 
depth. The VGG 19 is used in this paper and includes 19 hidden layers of 16 
convolutional layers and three fully connected layers, respectively. 

ResNet [23] (Residual Net) solves the degradation problem of neural networks 
by adding the residues blocks. The basic structure of ResNet can be described as 
the component of some typical network modules [24], as shown in Figure 4. 
The core of ResNet is that each stack layer adopts residual learning. The crucial  
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Figure 2. The basic structure of the AlexNet. 
 

 

Figure 3. The basic structure of the VggNet. 
 

 

Figure 4. The basic structure of the ResNet. 

https://doi.org/10.4236/jcc.2022.106003


Z. Q. Wu et al. 
 

 

DOI: 10.4236/jcc.2022.106003 28 Journal of Computer and Communications 
 

structure of the network model of ResNet is the block definition and can be ex-
pressed as: 

{ }( ), iy F x W x= +                         (3) 

Here x and y are the input and output vectors of the layers. The function F 
represents the residual mapping to be learned. The advantage of this structure is 
that the network can map the feature of the shallow layer to the deep layer, and 
the shallow layer and the deep layer can be effectively communicated. In the 
forward propagation of the network, the shallow features are not easy to be ig-
nored in the deep layer. In the back propagation, the gradient of the deep layer 
can be directly passed back to the shallow layer, which solves the problem of 
network degradation well. Therefore, a network model with greater depth can be 
designed to achieve better network performance. 

2.4. Results 

We collect 2100 CSI samples for 7 group participants. Therefore, each group of a 
different number of persons contains 300 samples. We split the total sample into 
training, validation, and test as 8:1:1. We employ the ResNet 151 neural network 
and modify the network parameter according to our CSI data.  

1) The CSI data representation 
The representation of the CSI data can be described as follows. We collect the 

CSI data, normalize them, and visualize them using the figure to illustrate the 
similarity and differences among the number of persons. In Figure 5, the pic-
ture’s color (red, green and blue) represents the received CSI signal correspond-
ing to the three signal receiver antennas. Figure 5(a) and Figure 5(b) show the 
amplitude changes in different data packets and the signal subcarrier when one 
person walks among the WiFi area. 

In Figure 6, to show the amplitude characteristics of CSI subcarrier more in-
tuitively, we draw the CSI amplitude figure using the subcarrier index and pack-
age index as coordinate axis. Figure 6(a) is a two-dimensional representation, 
and Figure 6(b) is a three-dimensional representation. 

After obtaining the experimental data, we normalized the experimental data 
and then drew the corresponding three-dimension figure. The intuitive differ-
ence among the different numbers of persons can be exhibited in Figure 7. The 
same group has a similar CSI waveform at different times, as shown in Figure 8. 
This figure represents the CSI amplitude when seven persons walk in the WiFi 
area. 

2) The result of the experiment 
This paper uses the ResNet151 model to implement crowd counting, showing 

a transfer learning technique. We exhibit the training and validation accuracy 
along with the epoch, as shown in Figure 9. We find that the training process 
converges fast after ten epochs because we employ transfer learning and the 
network parameter initiated when we load the model. 
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(a) 

 
(b) 

Figure 5. Received amplitude along with packet and subcarrier index. (a) Amplitude along 
packet index; (b) amplitude along subcarrier index. 
 

Besides, we draw the confusion matrix to evaluate the recognition results for 
the crowd counting from one to seven persons. As shown in Figure 10, every 
number of group persons is always 100 percent on the test data.  

2.5. Discussion 

This section compares recognition accuracy among different neural network 
models, including AlexNet and VggNet, because they are the typical image rec-
ognition models used in many image applications.  

First, we analyze the effect of different epochs among three neural network 
models. We find that the three models converge very fast, and they reach the 
ideal training result after ten epochs. Therefore, there is no evident difference 
among these models. As a result, we can choose each model without considering 
the training epoch. 
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(a) 

 
(b) 

Figure 6. Spectrum graph of CSI amplitude information. (a) 2D spectrum graph; (b) 3D 
spectrum graph. 
 

Next, we analyze the confusion matrix generated by the other neural net-
works, as shown in Figure 11. As we exhibit earlier, ResNet151 achieves 100 
percent recognition accuracy for all test groups and obtains the ideal experiment 
result. As a comparison, AlexNet achieves an average accuracy of 99%, and the 
identification accuracy of the two people is the lowest, about 97%. The identifi-
cation accuracy of all the other crowd counting is 100 percent. At the same time, 
the average accuracy of VGGNet is also 99 percent, and the lowest identification 
accuracy for the five persons is 90 percent. The identification accuracy of all the 
other person groups is 100%. Therefore, we think ResNet151 has an average ac-
curacy of 100% for all seven groups, and it is very suitable for crowd counting 
using CSI. It holds the best performance among the three networks. 
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(a)                                   (b) 

    
(c)                                   (d) 

    
(e)                                   (f) 

 
(g) 

Figure 7. Subcarriers of the different participants. (a) One person; (b) two people; (c) 
three people; (d) four people; (e) five people; (f) six people; (g) seven people. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 8. Subcarrier of the same persons (7 people), at different times. (a) First sample; 
(b) second sample; (c) third sample; (d) forth sample. 
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Figure 9. ResNet loss values and training accuracy. 
 

 

Figure 10. The confusion matrix of ResNet for crowd counting. 
 

     
Figure 11. The confusion matrix of AlexNet and VGG for crowd counting. 
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3. Conclusions 

At present, human-machine interaction is an important research topic in the ar-
tificial intelligence field. The WiFi-based crowd counting method has attracted 
more and more attention due to its advantages of device-free pattern and no 
privacy violations. This paper studies crowd counting from one to seven-person 
using transfer learning and CSI. Specifically, we transfer ResNet model into our 
application and implement crowd counting based on the collected CSI ampli-
tude signal. Based on data collection, neural network model choosing, model 
training, and testing, we achieve the person counting of seven persons and ac-
quire 100 percent test performance. As a comparison, AlexNet and VggNet mod-
els also obtain 99 percent recognition accuracy. The result shows that we can 
transfer the image processing model into crowd counting using CSI.  

Although we obtain an ideal recognition result, we have some challenges when 
considering crowd counting using CSI. Firstly, the experiment may choose more 
persons to evaluate the model. Secondly, the experiment should be conducted in 
more different scenarios to validate the model’s robustness. To sum up, we may 
conduct more experiments to prove that transfer learning is a feasible solution to 
crowd counting using CSI.  
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