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Abstract. In the era of Internet of things, convenient and high-precision location
service is of great importance for the connection among things. In recent years,
the indoor positioning technology based on Wi-Fi devices has developed rapidly,
but there is still space for the improvement of accuracy in multi-target positioning.
In this paper, a multi person positioning method named WiMPP based on Wi-Fi
signal is proposed for the high-precision positioning in indoor scenes.WiMPPfirst
collects theWi-Fi sensing signals in environmentwith only one pair of transmit and
receive antennas, and then estimates AOA, TOF and other parameters using two-
dimensional MUSIC algorithm; Then, the estimated parameters are constructed
as a heat map which is then inputted into a two-dimensional convolution neural
network for training and classification such that the positioning of targets can be
obtained. The experimental results show that WiMPP can achieve high precision
positioning accuracy (average error distance is 6 cm, median error distance is
8 cm) under the condition that two persons are in the indoor scene. Compared
with other location methods based on Wi-Fi signal, WiMPP not only can position
multiple persons, but also improves the location accuracy to a certain extent.

Keywords: Indoor multi-person positioning · Wi-Fi sensing · MUSIC
algorithm · CNN

1 Introduction

With the rapid development of computer technology and mobile communication tech-
nology, human society is experiencing the change of information technology. Smart life
and smart city have become hot topics. More convenient and easier interaction with the
surrounding environment and equipment has gradually become people’s primary need.
With the huge growth in the number of wirelessly connected devices, wireless signals
are everywhere. These signals interact with people and objects in the environment and
imply information about various properties of the surroundings Therefore, usingwireless
signals to sense surrounding environment has aroused great interest among researchers.
For example, many attempts have been made to use wireless signals for positioning
[1, 2], health detection [3, 4], motion recognition [5, 6], identity recognition [7], and
gesture recognition [8–10]. In particular, passively locate multiple people walking in an
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area, without relying on any equipment carried by participants, this is a very challeng-
ing problem, and has important significance in many applications, such as elderly life
monitoring, intrusion detection and retail analysis.

At present, indoor positioning technologies include Radio Frequency Identification
(RFID) positioning technology [11], Ultra-Wideband (UWB) positioning technology
[12], Bluetooth positioning technology [13], Ultrasonic positioning technology [14],
Infrared positioning technology [15], ZigBee technology [16] and various other posi-
tioning technologies. After years of research and exploration, significant progress has
been made. However, these positioning technologies usually require special hardware
equipment or special deployment, which leads to high application cost and popular-
ization difficulty. Wi-Fi network has been widely used in indoor positioning system
research because of its high penetration rate and low cost. Therefore, Wi-Fi signal-based
indoor positioning technology has become the mainstream of current indoor positioning
technology. In this paper, the main problem we want to deal with is to achieve multiple
targets passive localization in a specific environment.

In this paper, we propose a localization method that uses only few Wi-Fi resources
to achieve passive in-region multi-person localization.

• We use two-dimensional MUSIC algorithm to estimate parameters such as AoA and
ToF contained in received Wi-Fi signals and generate a heat map. Then, a two-
dimensional convolutional neural network is constructed to classify the parametric
heat map obtained after signal processing for target localization.

• We conduct experiments to validate our proposed multi-person localization method in
a test environment, and test the localization results for the 2-person case. The results
show that high-precision localization for two people can be achieved in the target
environment with an average error distance of 6 cm and a median error distance of
8 cm.

2 Related Work

2.1 Related Research Review

In this section,we review the latest developments in passive target location usingwireless
signals. We first discuss the work that only focuses on single-target positioning. Then
summarized the work of realizing passive multi-target positioning. A detailed compar-
ison of the different proposed methods (including ours) for single and multiple target
tracking is shown in Table 1.

Single-Target Positioning. In [17], an indoor fingerprint recognition system based on
CSI was proposed, which uses the ownership value of the deep neural network as the
weight of fingerprint training layer by layer. The average distance error tested in the
living room is about 0.95 m.

TheWidar systemmeasures the relationship between CSI information and the user’s
position and speed without using statistical learning techniques, and can reach an error
distance of 38 cm [18].
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Yin Zhendong proposed a positioning scheme UWB-IP based on Wavelength Divi-
sion Multiple Access (WDMA), which achieves centimeter-level positioning accuracy
with a second-level response, and can also achieve an error within 10 cm in a noisy
environment [19]. In [20], a UWB positioning algorithm based on the attention mech-
anism was proposed. This method can reduce positioning errors caused by multipath
effects and non-line-of-sight in a dynamic environment. Experimental results show that
the error distance can reach 0.0012 m [20].

Multi-target Positioning. In [21], a two-person positioning method based on channel
state information (CSI) is proposed. Two kinds of resolution fingerprint libraries are
constructed in the offline phase. In the online matching stage, it matches with the finger-
print database to obtain accurate positioning results. Through experimental verification,
the minimum positioning error of this method is 1.12 m.

In [22], a multi-parameter indoor passive positioning technology is proposed. First,
the relationship between user motion and channel state information (CSI) is quanti-
fied through the parameter model of the angle of arrival (AoA), time of flight (ToF)
and Doppler frequency shift (DFS), and the generalized expectation maximization algo-
rithm (Alternating Generalized Expectation Maximization algorithm (SAGE) refines
the wrong original parameters to a certain precise range, and finally outputs the target
position.

Table 1. Comparison with the technologies in target positioning using RF signals

Paper Number of targets Bandwidth Number of devices used Positioning error

DeepFi, Single Narrowband 2 WiFi NICs 0.95 m

Widar Single Narrowband 2 WiFi NICs 0.38 m

[19] Single UWB radar 1 UWB radar 0.1 m

[20] Single UWB radar 1 UWB radar 0.01 m

[21] Multiple (2) Narrowband 2 WiFi NICs 1.12 m

[22] Multiple (5) Narrowband 2 WiFi NICs 0.8 m−1.3 m

This paper Multiple (2) Narrowband 2 WiFi NICs 0.08 m

3 System Design

3.1 2D MUSIC Algorithm

In this section, we use the two-dimensional multi-signal classification algorithm to esti-
mate the value of the parameters (AoA, ToF) related to the target position, because it
has the advantage of high resolution.

Consider a scenario where the receiving array contains M and the distance between
antennas A is dant. The antenna of the array samples the received signal for Twin length
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at a rate of 1/T (sample per second). Therefore, the number of samples in space and time
is MA and MT= Twin / Ts, respectively. Use C to represent the MA×MT matrix of the
square of the magnitude in the space-time window:

C =
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ci,j are channel state information.WeexpressC as the followingmathematicalmodel:

C = AS + N (2)

Where N is the noise, A is the steering vector of the signal, S is the incident signal:

S = [S1(t), S2(t), . . . Sn(t)]T (3)

Rc is the correlation matrix of vector C:

Rc = E
[
CCH

]
= ARSA

H + RN (4)

Where RS = E[SSH ], RN = σ 2I , E is the expectation, σ 2 is the noise power, and I
is the identity matrix.

The feature vector of Rc is divided into a signal subspace (its dimension is equal
to the rank of Rs) and a noise subspace (which is orthogonal to all direction vectors
corresponding to the N signal paths to the receiving array). Therefore, we can define the
frequency spectrum as:

P
(
ψM ,ψA

)
= 1

aH (ψM ,ψA)EnEn
Ha(ψM ,ψA)

(5)

Where EN is a matrix composed of various noise eigenvectors. a is the guiding
vector.

The denominator in this formula is the inner product of the signal vector and the noise
matrix, because the signal subspace is orthogonal to the noise subspace. Therefore, when
ψM and ψA are equal to the position corresponding to the target, the denominator gets
0, where the spectrum takes a maximum value. Generally, we can obtain the correlation
value (θ and τ) of the target’s position parameters (AoA and ToF) by searching for the
peak of the spectrum peak.

However, in the actual environment, because of the coherence of the signals of dif-
ferent targets, the correct position cannot be obtained through spectral search. Although
the frequency spectrum does not directly reflect the final result, it contains sufficient
multi-object spatial features. Therefore, our method uses deep learning techniques to
train a model, extract features from the spectrum and predict the location of the target.
After calculation, a set of (AoA, ToF) parameter estimates can be obtained, which are
displayed on a high-resolution heatmap, as shown in Fig. 1, so that we can sort them in
the network model in next section.

The performance and estimation accuracy of theMUSIC algorithmmentioned above
are affected by the number of sources, so at present this article can only estimate the
motion parameters of two targets when only a pair of transceiver devices are used.
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Fig. 1. Examples of heat maps processed byMUSIC algorithm. The highlighted part in the figure
is the estimation of the parameter value pair containing the target position information

3.2 Convolutional Neural Network

In this section, we show how to input the heat map obtained by processing the original
CSI data through theMUSIC algorithm into a convolutional neural networkwe proposed
to locate the target. Its overall structure is shown in Fig. 2.

Fig. 2. The overall structure diagram of the neural network model. Including four parts, data
acquisition, signal modeling, construction of spatial spectrum function, target positioning.
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3.3 Neural Network Structure

The model structure of this article is built with Keras, and the parameters of the model,
the size of the convolution kernel, the number of model layers, etc. are reasonably set
according to the experimental needs. The detailed model structure is shown in Fig. 3.

Fig. 3. Neural network model structure diagram, which includes the input layer, two-dimensional
convolutional layer, improved Inception module, dense layer and output layer.

3.4 Module Introduction

Improvements in the Inception Module
In the model, the convolution operation is the core operation. Inception V3 solves the
GoogleNet spatial convolution into an asymmetric convolution, and accelerating the
calculation also increases the nonlinearity of the network [24]. Therefore, this article
improves the Inception module on its basis, not only introduces the residual link [25]
on its basis, adds the underlying features to the subsequent operations; and uses 1 × 1
convolution instead of the Concatenate layer tomake features of different scales Perform
a linear combination. The improved module is shown in Fig. 4:

The convolution module is to perform preliminary feature extraction on the data of
the input model, and extract some overall data features, and use them as input to enter
the next module.

The improved Inception module effectively solves the problem of feature degrada-
tion, so that the neural network can reach a deeper level and better deal with features of
different scales.

Classifier
According to the definition of the problem, the input of the model is a heat map, denoted
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by X, and the output is the coordinates of the positions of two people, denoted by Y. The
function of the model is to predict the position category Y of the two persons through
the input X. The number of monitored locations in the location problem studied in the
paper is greater than 2, so the problem is determined to be amulti-classification problem.
The Softmax function can be used for multiple classifications, so this article chooses
the Softmax function to distinguish the action categories. The expression formula is as
follows:

P(y|X ) = exp
(
zy

)
∑r

y=1exp
(
zy

) , y ∈ [1, r] (6)

In the formula, r is the number of categories of y, which represents the result of the
global average pooling operation, and represents the posterior probability of the model
input X predicted belonging to the y category.

Fig. 4. The improved Inception module structure diagram, which combines residual linking and
asymmetric convolution.

4 Experiment and Result Analysis

4.1 Evaluation Index

This paper uses Average Distance Error, Median Distance Error, and CDF (Cumulative
Distribution Function) curves to evaluate the classification effect of the model. Among
them, the average distance error is defined as:

Average Distance Error =
∑m

i=1

√
(xi − pi)2 + (yi − qi)2

m
(7)
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Where m is the number of test points, (xi,yi) is the predicted coordinates of the i-th
test point, and (pi,qi) is the true coordinate of the i-th test point.

TheMedianDistanceError is themedianobtained from the sumof the error distances.
CDF (Cumulative distribution function) curve refers to the sum of the probability of

occurrence of all values less than or equal to a for a continuous function. That is, F(a)
= P(x< = a).

4.2 Experimental Setup

We choose a relatively empty laboratory for multi-person positioning experiments. In
each experiment, two targets are invited to be located in the detection area on the side of
the Wi-Fi device. A total of 2000 pieces of CSI data in a two-person environment were
collected as the training set and the test set.

The experimental equipment is composed of a TP_LINK AC1750 wireless router as
a transmitter and a ThinkPad X201 portable computer terminal equipped with an Intel
5300 802.11n Wi-Fi NIC as a receiver.

Among them, the open source CSI Tools is installed on the receiving end device,
which can realize real-time collection of CSI information. The transmitter and receiver
of the Wi-Fi device have 1 and 3 antennas respectively, that is, there are (1 × 3) 3
antenna pairs, and each antenna pair contains 30 sub-carriers. Therefore, the experiment
collected (1 × 3 × 30) CSI data of 90 sub-carriers. The placement of the experimental
device is shown in Fig. 5.

Fig. 5. The experimental environment map is composed of the receiving device area (left) and
the positioning area (right). The positioning area is divided into 20 sub-areas of the same size,
numbered starting from 1. When positioning data is collected, the inspected person is stationary
in the 20 sub-areas.

There are 90 CSI data streams collected in this experiment, and all experiments are
done at 5 GHz frequency to ensure the integrity and accuracy of the data. The sampling
rate of the CSI data packet is set to 1000 data packets per second at the receiving end.
In order to extract more feature information, the sliding step length d = 200 and the
sliding window T = 600 ms are set. The sliding step length and the overlap between the
windows ensure the continuity of the data after segmentation. Based on this, the sample
data was constructed and different heat maps were generated.

In the selection of deep learning tools, the deep learning framework of this article
uses Keras, and the model construction is implemented in Python. The collected CSI
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data is labeled with the positions of two persons, and the proposed neural network is
used to supervise and learn the heat map of the localized target. The data of the data set
is divided into two parts: training data and test data. Among them, training data accounts
for 90% of all collected CSI data, and the remaining 10% is used as test data. The test
set is used to evaluate the positioning effect after training. At present, the verification
and evaluation of the model are based on the data set collected by our team.

4.3 Experimental Results

Analysis of Experimental Results
In order to verify the positioning effect of our model, this article designed a comparative
experiment using different models in this scenario. In terms ofmodel selection, we chose
the classic LSTM and VGG16 [26] to compare with this experimental model, using the
above The detailed comparison results of the proposed evaluation methods are as shown
in Table 2 (Fig. 6).

Table 2. Comparison table of experimental results of different models.

Index
model

ADE
(m)

MDE
(m)

Parameters GFLOPs Duration (ms)

LSTM 0.76 0.76 572,244 4.4 7571.22

VGG 0.33 0.39 138,357,544 15.5 5962.71

This paper 0.08 0.06 2,541,974 7.6 2771.56

Fig. 6. The cumulative distribution function graph of the error in the experimental results of
different neural network models.

LSTM is an excellent variant model of RNN. It inherits most of the characteristics of
RNN models and at the same time solves the problem of gradient disappearance caused
by the gradual reduction of the gradient backpropagation process. Therefore, LSTM is
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suitable for dealing with problems that are highly related to time series. It performs
poorly in the image classification problem of this experiment. The VGG16 model is
composed of several convolutional layers and pooling layers to form a deeper network
structure. The depth of the layer makes the feature map wider and more suitable for
large data sets, but the 16-layer network structure now looks It is not very deep, the
fitting effect is not as good as our 23-layer model, and VGG has a very large number
of parameters, resulting in too long training time. After updating the Inception module,
the network model we proposed adds residual links, which can overcome the problem
of feature degradation, thereby making the model more in-depth and improving the
processing of data with different scale features. Therefore, the performance is the best
in the comparison test, and the parameter quantity is moderate. This not only ensures
the model fitting ability, but also enables the training time to meet actual needs.

The Impact of Movement on Positioning Results
In order to verify the influence of the action of the tested person on the positioning result
in the experiment, we collected different actions in the same indoor environment and the
same deployment. We additionally collected four different actions of the target which
including the up, down, left, and right actions of the target in the same position grid, as
shown in Fig. 7.

Fig. 7. Four different actions of the target in the same position grid, which include the up, down,
left, and right actions of the target.

In this experiment, two targets stand in different positions. One target is stationary,
and the other one can choose one of the four movement actions. The results of locating
two targets at the same time are shown in Table 3 (Fig. 8):

Table 3. Comparison table of the influence of different actions on the experimental results

Index
prerequisite

ADE
(m)

MDE
(m)

Static & Static 0.06 0.08

Static & Up 1.74 0.09

Static & Down 1.58 0.08

Static & Left 2.19 0.08

Static & Right 2.38 0.09
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Fig. 8. The cumulative distribution function graph of the error of different action experiment
results, the influence of different target actions on the experiment.

5 Conclusion

This paper proposes a new positioning method. First, we use the MUSIC method to
process the signal, estimate the position parameter (AoA, ToF) of the positioning target
and generate heatmaps. Then building a neural network to classify the images to achieve
the purpose of positioning. In viewof the feature degradation andpoor effect of traditional
deep neural networks for deep network structures, our neural network model effectively
solves the feature degradation problem, enabling the neural network to reach deeper
levels and better handle features of different scales. Experimental results show that the
average error distance is only 8 cm and the median error distance is only 6 cm for
simultaneous positioning of two persons in an indoor environment. In the future, we will
study multi-person positioning for more than two persons. And to realize the trajectory
tracking of the targets, so as to further improved the practical value of positioning under
the Wi-Fi signal.
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