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1 Introduction
Pedestrian flow monitoring is a research hotspot in the field of computer vision and 
intelligent monitoring [1, 2]. Pedestrian flow monitoring aims at mastering the accu-
rate distribution of personnel density at any time, so as to create strategies for various 
emergencies and effectively avoid the loss of life and property of personnel [3]. Owing 
to the rapid growth of population, congestion and stampedes have taken place to dif-
ferent degrees around the world, resulting in huge economic losses and casualties. The 
worst was the stampede in 1990 during the Hajj to Mecca, Saudi Arabia, in which 1426 
people were killed. Another example was the stampede in Ming Tong Primary School on 
September 26, 2014 in Yunnan Province, which killed 6 people and injured 26 students. 
These painful lessons are reminding us of the importance of pedestrian flow monitoring. 
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With the great development of society, pedestrian flow monitoring has been playing an 
increasingly important role in security prevention, urban construction, and market deci-
sion-making, especially in crowded places such as squares, stations, and shopping malls. 
In addition, the realization of real-time and accurate monitoring of pedestrian flow is of 
great significance for commercial information collection, public security prevention and 
control, and rational allocation of social resources.

In recent years, with the advent of artificial intelligence, pedestrian flow monitoring 
has made some progress at home and abroad. For instance, Viola proposes a pedestrian 
flow monitoring method based on motion characteristics [4]. Antonini et al. [5] propose 
a track-based pedestrian flow estimation method. Meanwhile, Kong  et  al.  [6] propose 
and design a pedestrian flow monitoring method based on neural network. The method 
extracts edge and grey level histograms as features and makes use of a feedforward neu-
ral network to establish the classification model of personnel density. Ali [7] provides a 
new idea for pedestrian flow monitoring by referring to particle dynamics. This method 
can detect and separate foreground objects in the optical flow field and carry out 
dynamic analysis and research on group targets. Zhou et al. [8] propose a pedestrian flow 
monitoring method that combines feature regression and detection, while Wu et al. [9] 
propose a SURF algorithm based on the linear interpolation perspective correction for 
large-scale personnel statistical monitoring. The performance of the above methods can 
be weakened under the conditions of overlapping objects and dim light. In addition, 
the use of cameras can also bring privacy issues. Furthermore, Li et al.  [10] propose a 
pedestrian flow monitoring method based on smart phone. Mizutani et al. [11] propose 
a pedestrian flow monitoring by mobile devices. These methods require people to carry 
mobile devices, thus it may not be appropriate under certain circumstances.

Currently, wireless IntelliSense technology, which utilizes received signal strength 
(RSS) and channel state information (CSI), has been developing rapidly. The wireless 
IntelliSense technology does not need to configure any sensors, but only uses the link 
information between wireless devices for task awareness. Target tracking based on RSS 
information is studied in the university of Utah. Yang and Ramezani propose CSI-based 
systems for indoor human tracking and fall detection, respectively [12, 13]. This paper 
is inspired by the above research results. Therefore, we hope to find a pedestrian flow 
monitoring method with strong environmental applicability, high accuracy, easy installa-
tion, and low computational cost.

We face two main challenges. First, according to the phenomenon of the fading change 
of the RSS value between nodes in the radio frequency (RF) sensor network when the 
physical human body passes through the RF sensor network. We need to observe the 
variation of RSS characteristics and find out the relationship between different num-
ber of people in unit time and area and RSS characteristics. Second, how to use support 
vector machine (SVM) to model, find the best kernel function, and conduct supervised 
learning and classification of data.

The contributions of this paper are as follows: 

(1) We propose a pedestrian flow monitoring method that does not require wearable 
equipment and protects the privacy of pedestrians. It uses the shadow attenuation 
effect of pedestrians on RF signals to achieve pedestrian monitoring.
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(2) We use the SVM algorithm to build a model and achieve statistical classification of 
the number of people.

The rest of the paper is organized as follows. The second section reviews the related 
work briefly. The third section introduces the principle of the RSS-based pedestrian 
flow monitoring system. The fourth section introduces the process of data acquisi-
tion and preprocessing, wavelet analysis and SVM classification algorithm. The fifth 
section describes the conducted experiments and classification result. Finally, the 
sixth section draws conclusion.

2  Related work
At present, the methods of pedestrian flow monitoring and statistics mainly include 
gate statistics, infrared detection and machine vision, etc. These methods can be 
divided into two categories: contact methods and non-contact methods.

The contact methods mainly include two approaches: installing mechanical gate or 
pressure sensitive pedal at the monitoring point [14]. The mechanical gate device is 
convenient and the count is accurate, but the equipment installation and operation 
and maintenance cost of this method are high, and the pedestrians are very slow, 
which is easy to cause congestion, and it will also bring a very unfriendly experi-
ence and impression to pedestrians. The pressure sensitive pedal approach needs to 
install the pressure sensor under the floor. This approach is simple and has a higher 
pass efficiency, but the pressure sensitive pedal is easy to damage after long-term 
use, and there are obvious limitations when many people pass at the same time.

Non-contact methods mainly include infrared-based approach and vision-based 
approach. Lv  [15] and Xu  et  al.  [16] design a statistical scheme for the number of 
people in construction elevator cages based on the principle that the visual dis-
tance path of infrared optoelectronic tube will change the signal output state of the 
receiver after being blocked by a human body. Infrared optoelectronic tube technol-
ogy has a very high accuracy for single-person detection, but when multiple people 
or pedestrians carry objects such as large pieces of luggage through the detection 
point, the statistical accuracy of the number of people will be greatly reduced.

With the rapid development of image processing and machine learning, pedes-
trian flow monitoring based on machine vision has become a hot research branch. A 
large number of research results have sprung up in recent years, most of them mainly 
using individual characteristics such as shape, color, outline, or population character-
istics to achieve pedestrian flow monitoring through a combination of SVMs, BP neu-
ral networks, CNNs [17, 18], and other machine learning algorithms [19–21]. Although 
domestic and foreign experts and scholars have put forward many ingenious methods 
for the monitoring of pedestrian flow, there are still some problems and deficiencies. In 
real life, the accuracy of judgment will also change with differences in the environment, 
which greatly increases the difficulty of the monitoring of pedestrian flow. The above 
methods often need to carry out pedestrian estimation based on a large number of data 
in pedestrian flow monitoring, which greatly increases the computational complexity, 
consumes more computing resources, and reduces monitoring efficiency. Furthermore, 
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it is difficult to overcome the disadvantages of vision-based methods, such as high cost, 
pedestrian privacy, and susceptibility to light or smoke.

In this paper, we propose a method of pedestrian flow monitoring based on RSS of RF 
signal. RF signal is a kind of high-frequency electromagnetic wave with long-distance 
transmission and see-through abilities. It is now widely applied to the fields of transpor-
tation, medical care, anti-counterfeit technology, logistics, and security protection [22–
24]. Our method utilizes the influence of the human body on RF signals to judge and 
monitor pedestrian flow. By processing the received RSS data and using the SVM algo-
rithm for classification modeling, real-time pedestrian flow monitoring can be achieved. 
The method does not need to touch a human’s body, and there is no requirement for 
pedestrians to carry equipment. It does not have an impact on people’s normal activities, 
nor does it affect the passage efficiency of monitoring points. Since there is no need to 
take photos and videos, the privacy of pedestrians is not be involved. In addition, this 
method has a simple requirement for equipment and cost, and it is easy to operate and 
has a satisfying performance. The feasibility and credibility of the method are proved by 
the real-time verification of the system.

3  System principle
The pedestrian flow monitoring system proposed in this paper is based on the shadow 
attenuation effect of the human body on RF signals. The attenuation strength of RSS 
signals of different links is different when different numbers of people pass through the 
monitoring gate. Therefore, the attenuation value of RSS of all effective wireless links is 
used as the classification feature to establish a classification model when different num-
bers of people pass through the gate so as to realize judgment of the number of pedes-
trians at certain time points and also obtain statistics of the pedestrian flow over given 
time periods. This section will elaborate the principle of the RSS-based pedestrian flow 
monitoring system.

The basic block diagram of the proposed system method is shown in Fig.  1. Firstly, 
sufficient RSS data are collected. In the data preprocessing phase, wavelet filtering is car-
ried out, then the output need wavelet decomposition, and the data are extracted after 
decomposition. Finally, the SVM model is trained to get the number of people passing 
through the monitoring gate.

Fig. 1 The basic block diagram of the proposed system method
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3.1  Human impact on RSS

When people pass by the wireless line-of-sight links consisting of transmitting nodes 
and receiving nodes, the RSS value of receiving nodes will be significantly decreased 
because of the human body’s absorption, reflection, and refraction of the RF signal. As 
shown in Fig. 2, the transmitting nodes and the receiving nodes are 2.4 m apart. When 
there is no person in the line-of-sight path, the mean value of RSS from receiving nodes 
is −57.5 dBm . When an adult stand in the middle of the line-of-sight path, the mean 
value of RSS is −70.0 dBm . It can be seen that the human body has a significant attenua-
tion effect on the RSS of wireless links.

3.2  Pedestrian flow impact on RSS

If L wireless sensor network nodes are installed on a gate-shaped bracket, these L nodes 
will form L(L− 1)/2 wireless links. Figure 3 is a schematic diagram of a monitoring gate 
composed of 18 nodes and their wireless links. There are 153 wireless links in total, 105 
of which go through the gate.

We find that when different people pass through the monitoring area through experi-
ments, the RSS value of each wireless link will undergo different changes due to different 
links being blocked by the human body. For example, when different numbers of people 

Fig. 2 Influence of human body on received signal strength. a Experimental setup and b comparison of RSS 
values

Fig. 3 Schematic diagram of node deployment and effective wireless link distribution
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walk through the monitoring gate shown in Fig. 3, the RSS values of the 70th wireless 
link (composed of nodes 5 and 14) and the 100th wireless link (composed of nodes 6 and 
18) are as shown in Fig. 4. The RSS of each wireless link varies with different numbers 
of people passing through the monitoring area. This verifies the feasibility of pedestrian 
flow monitoring by using wireless link RSS based on a wireless sensor network. There-
fore, different changes in RSS of links can be used as the classificational feature to esti-
mate the number of instantaneous people.

4  Algorithm
In this paper, the RSS value is utilized to monitor the pedestrian flow, and the number of 
people passing through is obtained by the RSS value of the link composed by the wireless 
sensor network. From the perspective of machine learning, this problem is a supervised 
multi-classification problem [25–27]. In the case of small data volume, the SVM can 
handle multiple classification problem well [28, 29]. Compared with other more complex 
machine learning algorithms, such as KNN, CNN, and RNN, SVM algorithm has many 
advantages, the most prominent two are suitable for small sample data classification and 
low computational complexity. This feature is especially suitable for the application of 
people flow monitoring based on RSS. Therefore, we adopt the SVM for obtaining the 
classification model of this system.

4.1  RSS data acquisition and preprocessing

The monitoring algorithm in this paper is shown in Fig. 5. In order to ensure the collec-
tion frequency of RSS values of each wireless link, the node software uses IAR to design 
an RSS collection program for nodes to broadcast messages according to their ID. When 
a sensing node receives a message packet, it must obtain the source node ID, read and 
calculate the RSS value of this communication wireless link, and write the RSS value to 
the element position corresponding to the source node ID in the RSS array. When it is 
the node’s turn to send a message, the saved array of RSS values are put into the message 
packet and broadcast. During RSS data sampling, 18 nodes constitute a polling broad-
cast network, and a Sink node listens and receives all the broadcasted packets, which are 
transmitted to the computer through the serial port and saved in TXT files.

Fig. 4 a RSS comparison diagram of the 70th wireless link and b RSS comparison diagram of the 100th 
wireless link
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In the data preprocessing stage, we specify a sampling period from the start of first 
sensing network node sending packets to the end of the last node sending packets. Due 
to the dynamic changes in the environment, pedestrian interference and other factors, 
the data collected by the PC may be incomplete, that is, the data of a sensing node may 
be missing for a certain sampling period. In this paper, the algorithm designed to deal 
with the missing period uses the data of the previous sampling period to fill in the miss-
ing data of the current sampling period, thus improving the robustness of the algorithm 
in real-time pedestrian flow monitoring. We examine the received data and fill in the 
incomplete sampling period. Because the received RSS data are expressed in hexadeci-
mal, it first needs to be converted to decimal for ease of processing. Then we can subtract 
an offset from the decimal number to get the real RSS value in dBm. After obtaining the 
real RSS value of each link in the wireless sensor network, the feature matrix of the effec-
tive links is obtained through feature extraction. The RSS measurement value on link i is 
expressed as yi , and the RSS vector of all links can be written as Y = [y1, y2, y3, . . . ym]

T . 
Then the wavelet filtering is adopted to further extract precise features of RSS data of 
effective links.

4.2  Wavelet analysis

We use a series of low-pass filters and high-pass filters to filter the collected signal 
data. Low-pass filtering and high-pass filtering are both filtering methods in data pro-
cessing. The rule of low-pass filtering is that the low-frequency signal can pass, and 
the high-frequency signal that exceeds the critical value set by the system is blocked 
and weakened. High-pass filtering is the opposite. Therefore, different filtering meth-
ods can be used according to different requirements. And then carry out wavelet 
decomposition of the output. The decomposition produces two parts whose lengths 
are halved: one is the approximate component of the original signal produced by the 
low-pass filter, and the other is the detailed component of the original signal pro-
duced by the high-pass filter. An RSS signal of length W is down sampled through 
a low-pass filter and a high-pass filter, the corresponding approximate component 
coefficient cA1 and detailed component coefficient cD1 are obtained, and the length 
of both component coefficients is W/2. Then, the same method is applied to cA1 for 
obtaining the approximate component cA2 and detailed component cD2 of the sec-
ond layer. We repeat this process until we reach the preset decomposition level [30]. 
The decomposition process is shown in Fig. 6.

Fig. 5 Algorithm diagram
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The above process of wavelet decomposition can be expressed as the following 
equation:

where j ∈ {0, 1, 2, . . .} is the levels of decomposition, k and n are translation coefficients, 
cj+1,k and dj+1,k are low-frequency approximate component coefficients and high-fre-
quency detail component coefficients at 2j resolution, respectively, and hn−2k and gn−2k 
are low-pass filtering coefficients and high-pass filtering coefficients, respectively.

In this paper, the DB4 wavelet is adopted to carry out wavelet decomposition on 
received RSS measurement data. The threshold filtering method is also used to carry 
out signal filtering, and the threshold is set to 0.1. In this paper, if one person goes 
through the “gate,” the filtered waveform of the RSS value of one of the effective links 
can be obtained through 15-layer decomposition, as shown in Fig. 7. In the case of the 
same number of people passing through the gate, the same effective links have, theo-
retically, a small change in RF. Because the environment changes over time, the RF 
signal will fluctuate greatly. As can be seen from the waveform after wavelet filtering, 

(1)















cj+1,k =
+∞
�

n=−∞

hn−2kcj,n

dj+1,k =
+∞
�

n=−∞

gn−2kcj,n

Fig. 6 Schematic diagram of four-layer wavelet decomposition

Fig. 7 Wavelet filtering of effective link RSS value
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the RSS fluctuation of the same effective link under the same condition tends to be 
stable, which is conducive to the establishment of the later model.

4.3  SVM classification

The SVM is a method proposed by Vapnik et al. [31] on the basis of statistical learning 
theory. The SVM aims at ensuring the learning machine’s generalization ability by using 
the principle of structural risk minimization. Based on the statistical learning theory, 
the model base is established using the principle of structural risk minimization. The 
decision rules can still achieve lower expected risks for independent test datasets with 
a limited number of samples. The training process of the SVM involves finding an opti-
mal hyperplane to partition data in high-dimensional space. The optimal hyperplane is 
defined as maximizing the distance from the nearest sample points to the hyperplane, 
and these sample points are called support vectors. SVMs have received considerable 
attention and have been successfully applied to many classification tasks due to their 
good generalization ability.

We assume that xi ∈ R
n (i = 1, 2, . . . ,N ) are the input vectors, where each point xi 

belongs to one of the two classes denoted by a label yi ∈ {−1,+1} . In the linearly separa-
ble case, the input vectors can be classified by the separating hyperplane, wTx + b = 0 , 
which satisfying the condition of yi

(

wTxi + b
)

> 0 , where w is the normal vector that 
determines the direction of the hyperplane, and b determines the distance between the 
hyperplane and the origin. There may exist many hyperplanes which meet this condi-
tion. In order to construct a optimal hyperplane to separate the two classes, by scaling 
w and b, we set yi

(

wTxi + b
)

≥ 1 for i = 1, 2, . . . ,N  . The distance from the closest point 
to the hyperplane is 1/‖w‖ so that finding the optimal separating hyperplane needs max-
imize 1/‖w‖ which can be converted to minimize 12‖w‖2 . The original support vector 
machines solved the following optimality problem:

However, most data sets in the real world cannot be completely linearly separated. 
Therefore, in this paper, the soft margin SVM is used to establish a pedestrian classifi-
cation model. It is implemented by introducing slack variables, ξi ≥ 0 . This improved 
method allows for errors in some samples. The optimal classification hyperplane can be 
obtained by solving the following convex quadratic programming problem:

where ξi are positive slack variables and C is the penalty factor controlling the trade-
off between the maximal margin and the minimal classification error. The parameter 
C affects the generalization ability of the SVM. If the value of C is large, it will cause 
overfitting to the training data. On the contrary, if it is set too small, the classifier will 

(2)
min
w,b

1
2
�w�2

s.t. yi
(

wTxi + b
)

≥ 1, i = 1, 2, . . . ,N

(3)
min
w,b,ξi

1

2
�w�2 + C

N
∑

i=1

ξi

s.t. yi

(

wTxi + b
)

≥ 1− ξi, ξi ≥ 0, i = 1, 2, . . . ,N
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cause underfitting. Formula (1) can obtain its dual problem by using Lagrange multiplier 
method and then obtain the estimated decision function by solving the dual problem:

where αi(i = 1, 2, . . . ,N ) are the nonnegative Lagrangian multipliers. By solving the 
above problems, the decision function is obtained as follows:

When the input vectors are not linearly separable, we cannot process the vectors with 
linear classification. We need to utilize the kernel function to map input vectors to a 
higher-dimensional space, which turns the problem of nonlinear separability in low-
dimensional space into the problem of linear separability in high-dimensional space. 
Then, the purpose of classification by finding the classification hyperplane can be 
achieved. The kernel function is as follows:

φ is a mapping from X to the inner product feature space. Any function that satisfies 
Mercer’s condition can be considered as a kernel function. In the SVM, different kernel 
functions are selected to generate different models, and the selection of kernel functions 
directly determines the classification results and machine learning ability of the SVM. 
There are four main types of common kernel functions including linear, polynomial, 
gaussian, sigmoid kernel function. By using the appropriate kernel function K

(

xi, xj
)

 to 
achieve classification, the decision function is obtained as follows:

In this study, this paper chooses the linear kernel function as the kernel function of SVM 
to classify the experimental data. The linear kernel function is defined as follows:

SVM was originally designed for two classification problem, but since the pedestrian 
flow monitoring in this paper is a multi-class problem. There are roughly two implemen-
tations of SVM multi-class classification methods: 

(1) Modifying the algorithm of support vector machine so that multiple classification 
problem is realized by solving the optimization problem “at one time".

(2) Constructing and combining multiple binary classifiers. The second method mainly 
includes one-against-rest and one-against-one. If one-against-rest method is used, 

(4)

max
α

N
∑

i=1

αi −
1

2

N
∑

i=1

N
∑

j=1

αiαjyiyjx
T
i xj

s.t.

N
∑

i=1

αiyi = 0, 0 ≤ αi ≤ C

(5)f (x) = sgn
{

wTx + b
}

= sgn

{

N
∑

i=1

αiyix
T
i x + b

}

(6)K
〈

xi, yj
〉

=
〈

φ(xi) · φ
(

yj
)〉

(7)f (x) = sgn
{

wTφ(x)+ b
}

= sgn

{

N
∑

i=1

αiyiK(xi, x)+ b

}

(8)K
(

xi, xj
)

= xTi · xj
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M SVMs are required for M classification problems. For the ith SVM, all the sam-
ples of the ith class are labeled as positive class, and the rest samples are labeled as 
negative class. A test sample is labeled according to maximum output among the 
M classifiers. If one-against-one method is used, M(M − 1)/2 SVMs are required 
for M classification problems. It constructs a SVM between each pair of classes and 
chooses the class with the most votes as the final class of the test sample.

This paper uses one-against-rest method to construct multi-classification SVM to solve 
the multi-class problem. The advantage of this method is that for M classification prob-
lems, only M two-class classifiers support vector machines need to be trained and the 
classification speed is relatively fast.

5  Experiments and results
5.1  Experimental setup

The experimental environment is set up as shown in Fig. 8. This experiment utilized 18 
CC2530 nodes and a metal door frame to form a 5–8–5 gate frame. Five sensor nodes 
were arranged at equal intervals on both sides of the gate frame, and the receiving anten-
nas were upward. Ten sensor nodes were distributed at equal intervals above the gate 
frame, and the receiving antennas were uniformly downward. This constitutes the wire-
less sensor network. The gate frame selected in this experiment was 2.4  m wide and 
2.0 m high. It was divided into three virtual pedestrian channels (A, B, and C), each of 
which was 60 cm wide to ensure the normal passage of three people. During the experi-
ment, the distance between the experimenter and the nodes on both sides was not less 
than 30 cm because if the experimenter was too close to the nodes on the sides, it would 
block the radio frequency signal and affect the normal communication between nodes, 
thus greatly impacting the experiment. The Sink node was placed about 5 m away from 
the gate frame and was connected to a laptop for uploading raw data. The SVM tool used 
in this experiment was the LIBSVM package running under the Windows 10 operating 
system.

Fig. 8 The experimental scene (A):indoor environment
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5.2  Experimental data processing

The feature vectors of wavelet domain can be obtained from original data of RSS by basic 
processing of the method described in the previous section. In fact, we only use the fea-
ture vectors of the effective links for model building and pedestrian flow monitoring. We 
need to use SVM to train an optimized classification model, and then use this model for 
real-time pedestrian flow monitoring. In other words, the processing of pedestrian flow 
monitoring based on RSS was divided into two steps: 

(1) Offline stage. The purpose of this stage was mainly data collection and data pro-
cessing. First, the signal strength values of nobody, 1 person, 2 people, and 3 peo-
ple passing through the experimental gate frame were collected as experimental 
samples. The RSS values of different numbers of pedestrians were calculated from 
received data and taken as the feature vectors. Second, the SVM algorithm was uti-
lized to establish the classification model. Finally, we optimized the classification 
model. In order to reduce the impact of random interference in the experiment, 
multiple groups of data were collected in each case, and the collection time was as 
random as possible.

(2) Online stage. In this stage, real-time monitoring was carried out to estimate the 
number of people that pass through the gate. We received the RSS values of the sys-
tem nodes when pedestrians passed through the gate, and conducted data process-
ing. Then, the processed real-time received data were taken as input to determine 
the number of pedestrians using the classification model. We utilized the error rate 
of manually derived statistics and system statistics to judge the performance of this 
monitoring algorithm. The formula for error rate is 

numactual and numsystem represent the actual number of people manually counted 
and the number of people automatically estimated by our designed system, 
respectively.

In order to train the classification model, we design four off-line experiments to obtain a 
small data set. In the four experiments, the number of people passing through the moni-
toring gate at the same time was 0, 1, 2 and 3, respectively. We collected a total of 360 
sets of source data, the detail of which were as follows: 

(1) When nobody passed through, 90 sets of data were collected. Each set lasted for 
10 s to obtain about 50 cycles of sampling data.

(2) Only one person passed through the monitoring gate at a time. Total 30 people 
took part in this experiments. The experimenter passed through one of the three 
virtual pedestrian channels at normal speed successively. A total of 90 groups of 
data were collected.

(3) There were two people who passed through the monitoring point at the same time. 
Total 15 groups of pairs participated in the experiments. A total of 90 groups of RSS 
data were collected.

(9)
∣

∣numactual − numsystem

∣

∣

numactual
∗ 100%
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(4) When three people passed through at the same time, 15 groups of three people 
participated in the experiments. Also a total of 90 groups of RSS data were col-
lected.

5.3  Result

The received data were utilized to extract feature vectors through data processing and 
established classification labels. The obtained feature vectors were used as input to 
establish the classification model. In this paper, the identification tool was mainly LIB-
SVM. The selection of kernel function was determined by the accuracy(acc) of the model 
with different kernel functions:

where a represents the experimental data correctly classified and s represents the experi-
mental data of all classifications. Cross validation (CV) is used to find the optimal kernel 
function. Table 1 shows the corresponding relationship between different kernel func-
tions in the experiment and the accuracy of the model. As can be seen from Table 1, the 
linear kernel has the highest accuracy among the four commonly used kernel functions. 
Thus, we choose the linear kernel as the kernel function of the SVM to classify the num-
ber of people passing through the monitoring point instantaneously.

In this paper, experiments were carried out at two different places. One place is corri-
dor in the building as shown in Fig. 8. Because the first experiment was conducted in an 
indoor environment, and in order to make the results more rigorous, we conducted the 
second experiment outdoors. In the first experiment, the system framework was placed 
at the gate of the second floor of the building D, Nanchang Hangkong University. Data 
were collected in two cases, during class and after class, to compare the impact of per-
sonnel density on the experiments. In each case, the passage of personnel in 5 periods 
(5 min in each period) was collected in this experiment. During the experiment, both 
manual counting and system counting were used. Tables 2 and 3 show the experimental 
results in the cases of dense personnel density and sparse personnel density, respectively.

To evaluate the performance of the proposed RSS-based pedestrian flow monitor-
ing method, we compare the performance of the system using SVM algorithm with the 
other two algorithms, the algorithm based on the model of Gaussian Mixture Model 
(GMM)–Hidden Markov Model (HMM) [32] and the gradient boosting decision tree 
(GBDT) algorithm.

It can be seen from Tables  2 and  3 that the statistical error rate of the two cases 
is 11.1% and 5.5%, respectively. By averaging the two accuracy values, we can get 
the overall accuracy of 91.7%. It also can be found that when the personnel density 

(10)acc =
a

s
∗ 100%

Table 1 Relationship between kernel and accuracy

Kernel Linear RBF Poly Sigmoid

acc 0.938 0.484 0.925 0.423
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is sparse, the system’s personnel statistics are relatively accurate; however, when the 
personnel density is relatively dense, the system’s estimation has certain errors. When 
the density of people passing through is too high, the walls and pedestrians outside 
the experimental area will have an impact on the experiment because of the influence 
of multipath reflection.

We conducted the second experiment in the corridor on the third floor between 
building D and building E, as shown in Fig. 9. In order to make the experimental sce-
nario more consistent with the daily application scenario, this experiment collected a 
total of 6 periods (each period is a random period, ranging from 2 to 5 min). The first 
three groups had less people flow, while the last three groups had more people flow. 

Table 2 Comparison of dynamic monitoring results with dense personnel density

Group 1 2 3 4 5 Mean error (%)

Manual counting 28 34 34 20 42

GMM–HMM counting 34 26 27 24 33 21.4

GBDT counting 32 30 30 23 36 13.4

SVM counting 31 30 31 22 36 11.1

Table 3 Comparison of dynamic monitoring results with sparse personnel density

Group 1 2 3 4 5 Mean error (%)

Manual counting 8 14 12 10 15

GMM–HMM counting 9 12 10 12 12 16.7

GBDT counting 9 13 11 10 13 8.3

SVM counting 8 12 12 10 13 5.5

Fig. 9 The experimental scene (B):outdoor experiment
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During the experiment, both manual counting and system counting were used. The 
experimental results are shown in Table 4.

It can be seen from Table 4 that the statistical mean error rate is 7.1%, that is, the 
average accuracy rate is 92.9%, which is obviously better than the compared algo-
rithms GMM–HMM and GBDT. The six sets of data collected in this experiment all 
have relatively large numbers of pedestrians, however, the experimental results are 
satisfactory. Combining the results of the two groups of experiments, we can see that 
the proposed method can achieve good results, which achieves a high accuracy and 
can meet the needs of most pedestrian flow monitoring applications.

6  Conclusion and future work
In this paper, a pedestrian flow monitoring method based on radio frequency signals 
is proposed. This method mainly utilizes the shadow attenuation effect of pedestrians 
on RF signals of effective links, which may be blocked by pedestrians. The wavelet 
decomposition of RSS signal series of a short time is used as features. A SVM algo-
rithm is trained by an experimental data set to distinguish the instantaneous num-
ber of pedestrian passing through the monitoring point. The performance of this 
method is verified by two online real-time experiments in indoor and outdoor, which 
can achieve approximate 92.9% accuracy of pedestrian flow counting. The proposed 
pedestrian flow monitoring method has the characteristics of strong environmen-
tal applicability, high accuracy, no privacy issues involved, easy installation, and 
low computational complexity. It can be a beneficial supplement to the traditional 
methods.

However, this method also has some limitations. For example, it can’t distinguish 
the direction of pedestrians, and it is not clear about the impact of the people around 
the monitoring point. In addition, the proposed method can only allow up to three 
people to pass side by side. Our future research work will focus on these issues.
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