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Indoor human localization is an important enabling technology for several intelli-

gent applications. One advantage of a passive localization algorithm is that it can esti-
mate human location without requiring the user to carry an electronic device. Because of 
complex signal radiation in indoor environments, most localization algorithms adopt the 
fingerprint approach for indoor passive localization. Fingerprints can enable good per-
formance in single-person passive localization. However, when more than two people are 
in the target area, the system performance may degrade due to the high complexity of the 
fingerprint-matching task. In this paper, a hierarchical channel state information (CSI)- 
fingerprint classification system is proposed for passive indoor multiperson localization. 
In the training phase for coarse classification, fingerprints with similar CSI are first 
grouped into coarse classes. Then, a coarse classifier is trained for coarse fingerprint 
matching. Fingerprints belonging to the same coarse class are then entered into a fine 
classifier for fine fingerprint matching. Experimental results revealed that the proposed 
approach achieved good accuracy in 93 configurations involving zero to three people. 
Furthermore, CSI grouping shows that the similarity of CSI depends on the line-of-sight 
and the number of people.  
 
Keywords: CSI fingerprints, multiperson localization, device free localization, hierar-
chical classification, quadratic discriminant analysis 
 
 

1. INTRODUCTION 
 

Indoor localization is important for applications such as indoor navigation systems 
in large shopping malls, alarm systems in smart homes, and home healthcare for the el-
derly [1]. Positioning technologies are categorized as active and passive localization sys-
tems depending on whether the user is required to carry a device. In active localization, 
the user must carry special electronic devices, such as a cellphone or e-tag. The electron-
ic devices then transmit or receive singles from anchor points with known locations to 
assist the calculation of the location. If the person forgets to carry the device, the system 
malfunctions. By contrast, because the user is not required to carry a device, they will 
feel conformable during the operation of the passive localization system [2]. Furthermore, 
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an inexpensive commercial off-the-shelf wireless fidelity (Wi-Fi) network interface card 
(NIC) can be used directly for passive localization. Therefore, passive localization is a 
promising technology for indoor localization. 

Complex indoor radio-signal propagation renders the received signal strength indi-
cator (RSSI) unsuitable for indoor locations because of the large variations in the indica-
tor [3]. By contrast, low-level physical layer channel state information (CSI) [3] is a rela-
tively stable indicator. For a configuration with specific people and locations as well as a 
person standing at a specific location, the extracted CSI of a Wi-Fi link can be considered 
as a fingerprint [4, 5]. CSI fingerprints corresponding to different locations are stored in 
offline databases. For a new physical configuration in a target area, the configuration can 
be recovered by first extracting the CSI value of the Wi-Fi link as a new fingerprint and 
then matching the new fingerprint with the stored fingerprints.  

Because of the high complexity of multiperson localization, current indoor passive 
localization systems can only provide single-person localization. However, many appli-
cations involve more than one person. If the positions of multiple people can be identi-
fied simultaneously, then the location-based service can be realized to provide innovative 
smart applications. For example, it is difficult for elderly people to carry a device for 
healthcare applications. Therefore, passive localization systems, in which only a Wi-Fi 
communication link is required to estimate the location of elderly people, can be used to 
overcome this problem. The objective of this paper is to explore the characteristics of an 
indoor multiperson localization problem (MLP) and propose a mechanism to resolve this 
problem. The major challenges of MLP are summarized as follows:  

 
1. Complexity: The combination of possible configurations increases drammatically with 

the number of people. Moreover, fingerprint matching in a large database is a chal- 
lenging problem. 

2. Human body signal absorbency: Different human bodies absorb and reflect different 
amounts of radio signal. People standing at different locations should be considered as 
different configurations even if the number of people and the occupied locations are 
the same. For example, if two people switch locations, a new configuration should be 
recognized.    

 
In this paper, a coarse-to-fine classification algorithm is proposed to overcome the 

challenges of indoor multiperson localization. The major contributions of this paper are as 
follows: 

 
1. A coarse-to-fine hierarchical classification algorithm is proposed to resolve the high 

complexity of multiperson localization. 
2. The relationship between peoples’ locations and CSI values is explored. 
 

The remainder of this paper is organized as follows. In Section 2, studies of indoor 
localization are briefly described. Section 3 provides the background for this study. The 
proposed hierarchical CSI classification method for multiperson localization is presented 
in Section 4. Section 5 provides preliminary experimental results for this method. Finally, 
Section 6 concludes this paper. 
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2. RELATED STUDIES 

Localization algorithms are categorized into active and passive localization depend-
ing on whether the user is required to carry an electronic device. Previous works on ac-
tive and passive localization are briefly described as follows.   

2.1 Active Localization 

Localization algorithms that require users to carry electronic devices are classified 
as active localization algorithms. Active localization algorithms can be further catego-
rized into range-based [6] and range-free [7] approaches. In the range-based positioning 
mechanism, the distance is estimated through time delays, radio propagations, or other 
distance measurement techniques. On the basis of the distances between localization tar-
gets and the positions of anchor points, the unknown position of a target can be estimated 
through triangulation. In the range-free localization mechanism, only coverage infor-
mation is provided, and distance information is unavailable. The position of a target can 
be estimated through the intersection of the coverage areas of multiple anchor points. 
However, requiring the user to carry a device considerably restricts the potential applica-
tions of active localization.  

2.2 Passive Localization 

Passive localization algorithms are categorized into RSSI- and CSI-based mecha-
nisms. In RSSI-based passive localization mechanisms, the measured RSSI differs when 
the target is in different locations. By matching the RSSI fingerprint with the stored fin-
gerprints in the database, the corresponding location of the targets can be retrieved. 
However, the variations in RSSI degrade the accuracy of the RSSI-based passive locali-
zation algorithm [3]. By contrast, a CSI-based approach utilizes the physical layer CSI of 
a wireless communication link. When a target is at a particular location, the correspond-
ing CSI can be measured. The CSI-fingerprint matching algorithm can be applied to de-
termine the location of the target. Compared with RSSI methods, CSI-based approaches 
exhibit good stability [8]. Therefore, the CSI-based approach can be used to achieve a 
higher positioning accuracy than can the RSSI-based approach. Indoor multiperson lo-
calization is a challenging problem. Some approaches require the localization targets to 
carry an electronic device or RFID tag [9], whereas others apply computer vision tech-
nology [10, 11]. The approach proposed in [12] achieved passive multiperson localiza-
tion; however, this system relied on a custom antenna system, which restricts the poten-
tial applications of this type of localization. Passive multipeople localization is a chal-
lenging research problem [12]. Only few active localization methods have been proposed 
in the literature [9]. To the best of our knowledge, no previous studies have focused on 
the passive multipeople localization problem. The contribution of this manuscript is 
two-fold. First, CSIs with high similarities are grouped and can be investigated to reveal 
the relationship between the physical locations of people and CSI similarities. Second, a 
divide and conquer approach is proposed to overcome the large classes classification 
problem inherited in for passive multipeople localization.  
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3. BACKGROUND 

3.1 Orthogonal Frequency Division Multiplexing 

Orthogonal frequency division multiplexing (OFDM) technology [13] divides a 
large spectrum into multiple subcarriers. Almost no interference exists between two 
neighboring subcarriers, and a large symbol duration can be applied to mitigate the mul-
tipath fading problem; thus, OFDM has been widely applied in modern wireless commu-
nication systems, such as Wi-Fi, worldwide interoperability for microwave access (Wi-
MAX), and long term evolution. In a wireless communication link, each subcarrier expe-
riences different fading; therefore, the OFDM technology can provide rich CSI in the 
physical layer and is suitable for passive localization. 

3.2 Channel Impulse Response and Channel Frequency Response 

The channel impulse response (CIR) [8] can be used to describe the characteristics 
of a communication link. If the transmitter sends a pulse signal, the receiver may receive 
a composite signal that is a combination of multiple signals traveling along different 
paths. This can be formulated as a time-domain linear filter as follows: 

1
( ) | | ( ).i

N j
i ii

h a e    


   (1) 

In Eq. (1), ai, θi, and i denote the amplitude, phase shift, and time delay of the ith 
path, respectively, where N is the total number of paths and (∙) is a delta function. Re-
stricted by the bandwidth of the system, the ability to distinguish multiple paths is limited 
by the system time resolution. 

In the frequency domain, the OFDM technology provides a sampled version of the 
channel frequency response (CFR) as follows: 

H(f) = [H(f1), H(f2), …, H(fk)], (2) 

where H(fk) is a complex number that represents the magnitude and phase of CFR at fre-
quency fk. The CIR can be converted into CFR using a Fourier transform, as shown in Eq. 
(3). 

H(f) = FFT(h()) (3) 

Leveraging the commercial off-the-shelf Intel 5300 NIC with a publicly available 
driver as in [14], a group of CFRs with k = 30 subcarriers is exported to upper layer user 
applications in CSI format. CSI data has been applied in many human-computer interac-
tion problems [15], such as keystroke recognition [16], emotion recognition [17], motion 
recognition [18], speed estimation [19], and activity recognitions [20, 21]. In this paper, 
CSI data is applied to the passive indoor MLP. 
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4. PASSIVE MULTIPERSON LOCALIZATION 

4.1 Complexity of the Multiperson Localization Problem 

Numerous CSI passive localization technologies have adopted fingerprinting to de-
termine location. When multiple people are in the target area, the size of the fingerprint 
library increases considerably because the permutations and combinations of human 
bodies in different regions generate numerous configurations. The costs of offline train-
ing and online matching also increase. Assuming p locations and a maximum of n people 
in the target area, the total number fingerprints S(p, n) can be calculated as 

S(p, n) = C0

 p
 + C1

 p
 + … + Cn

 p
, (4) 

where Ck

 p
 is k-combination with a set of size p. Ck

 p
 is calculated as in Eq. (5): 

!
( )! ! .

p
k

p
p k kC     (5) 

In a target area comprising a maximum of n individuals, there may be n  1, n  
2, ..., 1, 0 people in the target area. No one in the target area is represented by C0

p
. 

Whenever the value of n is increased by 1, a new combination term is added to S, as 
shown in Eq. (5). Table 1 shows the number of fingerprints associated with various val-
ues of n; for example, when p is 8, n  (p/2). Table 1 reveals that when the target area has 
eight measurement points and a maximum of four people within the area, the number of 
fingerprints has 163 different classes. With such a large number of fingerprints, both 
system accuracy and matching time pose a challenge. When the system makes distin-
guishes between different people, the fingerprint record S*(p, n) will be larger than S(p, 
n). 

S*(p, n) = P0

 p
 + P1

 p
 + … + Pn

 p
, (6) 

where !
( )! .

pp
k p kP   Because of the high complexity of the MLP, implementing such a sys- 

tem is challenging. This paper adopts a coarse-to-fine approach to overcome this problem. 
Similar CSI fingerprints are first grouped to train a coarse classifier, and multiple fine 
classifiers are then trained to classify detailed CSI fingerprints. 
 

Table 1. Number of combinations with various n when p = 8. 
n 0 1 2 3 4 
S 1 9 37 93 163 

 

4.2 Symbol Definitions 
 

The symbol definitions for hierarchical fingerprints classification are summarized as 
in Table 2. 
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Table 2. Symbol definitions. 
Symbol Description 

xi CSI vector of pattern i. 
yi Fine class label of pattern i. 
ci Coarse class label of pattern i. 
j Mean vector of samples xi belonging to fine class j. 

(j, k) 
A mapping function between fine class j and coarse class k. (j, 
k) = 1 if fine class j belongs to coarse class k, and 0 otherwise. 

M0

 coarse
 Coarse QDA-based model. 

Mc

 fine
 Fine QDA-based model for coarse class c. 

N Total number of samples 
Nj Number of samples in fine class j. 
P Total number of fine classes. 
Pk Number of fine classes in coarse class k. 
K Total number of coarse classes. 

 

4.3 Coarse Classification 
 
The essence of fingerprint matching is a classification problem. During classifica-

tion, input data is marked with a correct label by the classifier, indicating a correct fin-
gerprint match. When the number of classes is high, it is difficult to use a single classifier 
to correctly classify all fingerprints. A divide and conquer approach is proposed to over-
come this complex classification problem. All samples are first grouped into a small 
number of coarse classes according to the similarities between samples. A coarse classi-
fier is then trained to classify patterns into coarse classes. Finally, a fine classifier is 
trained to classify patterns into fine classes. Because the number of classes within a 
coarse class is less than the original number of classes, it is a simpler classification prob-
lem than the original one. Because the search space in fine classes is smaller than that in 
the original problem, this approach does not increase the amount of calculation, and the 
overall matching time can thus be reduced. The overall system accuracy is bounded by 
the accuracy of both coarse and fine classifiers. In particular, the accuracy of the coarse 
classifier dominates the overall performance. Therefore, designing a high accuracy clas-
sifier is important for obtaining a successful hierarchical fingerprint-matching algorithm. 

Coarse classification is conducted using an unsupervised k-means algorithm to 
achieve offline sample clustering and the k-nearest neighbor classifier in the online stage. 
Within each coarse class, the quadratic discriminant analysis (QDA) classifier is trained 
to perform fine fingerprint matching. QDA is briefly introduced as follows, after which 
the details of the training and test phases of coarse classification are presented. 

 
(A) Quadratic Discriminant Analysis 

To achieve accurate fingerprint-matching results, a high-performance classifier is 
required. QDA [22] is a statistical classification technique that is closely related to the 
well-known linear discriminant analysis (LDA) [23]. However, in QDA, there is no as-
sumption that the covariance of each class is identical.  
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To perform QDA, the covariance matrix k of each class k is first computed, where 
k = 1, 2, 3, …, K denote the classes, and K is the total number of classes. The quadratic 
discriminant function is defined as  

11 1
2 2( ) log | | ( ) ( ) logk k k k kk

x x x   
           (7) 

where || denotes the determinants, k is a prior probability, and k represents the mean 
vector. 

The discriminant function in Eq. (7) is a quadratic function. The classification rules 
can be denoted as  

ˆ ( ) arg max ( )k kG x x     (8) 

where pattern x belongs to the class 

ˆ ( ),G x which has a maximum value of k(x). 
 

(B) Training Phase 
In the training phase of coarse classification, all training samples are clustered using 

an unsupervised k-means learning algorithm. The operations of the k-means algorithm 
are summarized as follows: 

 
1. Randomly choose K samples as the initial cluster centroid. 
2. For each sample, calculate the distances to all cluster centroids. Then, find the cluster 

with minimum distance to this point and assign the sample to this class.  
3. For assigning the new cluster membership, use the average method to recalculate the 

clustering center.  
4. Repeat steps 2 and 3 until the algorithm convergence (the center point has no change 

or the cluster membership has no change). 
 

By using the k-means algorithm, a mapping function (j, k) can be obtained, where 
(j, k) = 1 if any sample of fine class j belongs to coarse class k and (j, k) = 0 otherwise. 
A fine class can belong to more than one coarse class. On the basis of the results of the 
k-means algorithm, pattern xi is given a new coarse class label ci. All samples xi and their 
corresponding coarse class label ci are applied to train the k-nearest neighbors (k-NN) 
coarse classifier M0

 coarse
, which is used to match the patterns to the coarse classes. The 

training set for the coarse classifier is T = {(xi, ci) | for i = 1, …, N}. 
 

(C) Test Phase 
In the test phase of coarse classification, a new CSI vector x' is classified using the 

coarse classifier to determine which coarse class it belongs to, that is, 

c = M0

 coarse
(x).    (9) 

Then, pattern x' is classified as the coarse class c'. 

4.4 Fine Classification 

After coarse classification, classes within the same coarse class are distinguished to  
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find the true class. Because the number of classes within a coarse cluster is less than the 
original number of classes, the classification task within a coarse cluster is simpler than 
the original classification problem. Several classification algorithms can be used to 
achieve fine classification, such as LDA, QDA, k-NN, support vector machines, and 
earth mover’s distance (EMD) [24]. The input and output formats of various classifica-
tion algorithms are heterogeneous; therefore, it is necessary to transform the format of 
data and extract features in the training phase to achieve strong performance. Therefore, 
in this paper, the QDA is applied to justify the overall system performance.  

 
(A) Training Phase of Fine Classification 

In the training phase of fine classification, a separate fine classification model Mk

 fine
 

is trained for each coarse class k. For coarse class k, the training data set is extracted from 
the original training set as follows: Tk = {(xi, yi) | (yi, k) = 1, for i = 1, …, N}. 

 
(B) Test Phase of Fine Classification 

In the test phase of fine classification, the unknown input CSI vector x' is first en-
tered into the coarse classification model M0

 coarse
 to determine the coarse class c', as 

shown in Eq. (9). Then, the corresponding fine classification model Mc

 f



ine
 is applied to 

determine the final class y', that is,  

( ).fine
cy M x      (10) 

The unknown input vector x' is finally classified as fine class y'. 

4.5 Time Complexity Analysis 

To evaluate the time cost of the proposed method, time complexities in both the 
training and test phase are provided as follows. Let d denote the number of subcarriers in 
a CSI sample, Nt denote the number of training samples, Nr denote the number of test 
samples, K denote the number of multiperson configurations, and c denote the number of 
coarse classes. In the training phase, the major computational tasks include the k-means 
algorithm, k-NN classifier training, and QDA fine classifiers training. The time complex-
ity of the k-means algorithm is O(Nt K d I), where I is the number of iterations executed 
by the k-means algorithm. In the training phase, the cost of the k-NN classifier is O(1). 
Assuming that the samples are evenly distributed into K clusters and that the expected 
number of duplications of each configuration is R, the time complexity of QDA fine 
classifier training is O(Nt d

2). Therefore, the time complexity in the training phases is 
given as 

Ttraining  O(NtKdI) + O(1) + K  O ( R
K Ntd

2).  

In the test phase, the major computational tasks include k-NN classifier recall and QDA 
classifier recall. Thus, the time complexity in test phase is given as 
 

Trecall  O(Ntd) + O(Nd2). 
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Table 3. The 93 location configurations for passive localization experiments with three 
people and eight measurement points. 

**

**

**

** 

Measurement Points **

**

**

**

Measurement Points **

**

**

**

Measurement Points 

0

1 

0

2 

0

3 

0

4

1

1 

1

2 

1

3 

1

4 

0

1

0

2

0

3

0

4

1

1

1

2

1

3

1

4

0

1

0

2

0

3

0

4 

1

1 

1

2 

1

3 

1

4 

1         32  v v  v    63     v v  v 

2 v        33  v v   v   64     v  v v 

3  v       34  v v    v  65      v v v 

4   v      35  v v     v 66 v v       

5    v     36  v  v v    67 v  v      

6     v    37  v  v  v   68 v   v     

7      v   38  v  v   v  69 v    v    

8       v  39  v  v    v 70 v     v   

9        v 40  v   v v   71 v      v  

10 v v v      41  v   v  v  72 v       V 

11 v v  v     42  v   v   v 73  v v      

12 v v   v    43  v    v v  74  v  v     

13 v v    v   44  v    v  v 75  v   v    

14 v v     v  45  v     v v 76  v    v   

15 v v      v 46   v v v    77  v     v  

16 v  v v     47   v v  v   78  v      v 

17 v  v  v    48   v v   v  79   v v     

18 v  v   v   49   v v    v 80   v  v    

19 v  v    v  50   v  v v   81   v   v   

20 v  v     v 51   v  v  v  82   v    v  

21 v   v v    52   v  v   V 83   v     v 

22 v   v  v   53   v   v v  84    v v    

23 v   v   v  54   v   v  v 85    v  v   

24 v   v    v 55   v    v v 86    v   v  

25 v    v v   56    v v v   87    v    V 

26 v    v  v  57    v v  v  88     v v   

27 v    v   v 58    v v   v 89     v  v  

28 v     v v  59    v  v v  90     v   v 

29 v     v  v 60    v  v  v 91      v v  

30 v      v v 61    v   v v 92      v  v 

31  v v v     62     v v v  93       v v 

 

on the training samples. If the samples of the configuration were classified into coarse 
class Ck, then this configuration was assigned as a member of Ck. To increase the accu-
racy of the coarse classification, a configuration can belong to more than one coarse 
classes. In the test phase, the accuracy of coarse classification was 97.42%. The mem-
bership relation between coarse and fine classes is given in Table 4. To demonstrate the 
performance of coarse classification, the confusion matrix of test samples in the coarse 
classification is shown in Table 5. 
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5.3 Fine Classification Results 

The QDA classifier was applied to achieve fine classification. The aim of fine clas-
sification is to discriminate the fine classes within a coarse class. The accuracies of fine 
classification for the six categories in the training and test phases are shown in Table 6, 
which reveals that the QDA classifiers have high accuracy in the training phase, but the 
performance is reduced in the test phase. The overall performance of the proposed hier-
archical fingerprints matching algorithm was 84.76%. 

 

Table 4. Membership relation of coarse and fine classes after the coarse classification 
phase. 

Coarse class Fine classes 

C1 5,8,9,14,50,51,52,54,66,67,75,77 

C2 
7,11,13,22,25,29,31,32,33,34,35,36,37,38,39,40,41,42,43,44,47,53,56,59,62, 
65,73,81,85,89,92 

C3 
2,10,11,13,15,16,20,21,22,23,26,27,29,30,31,46,47,48,49,53,55,58,60,61,64, 
68,71,72,79,81,82,83,86,90,93 

C4 
3,7,11,12,13,18,26,28,31,32,33,34,36,40,41,42,43,44,45,53,56,59,60,62,63,65, 
70,74,76,77,78,88,91,92 

C5 
1,2,4,6,7,10,11,12,13,14,15,16,17,18,19,20,21,24,26,27,28,29,30,46,49,53,55,
57,58,60,61,64,68,69,70,71,72,73,75,76,77,78,79,80,82,84,86,87,89,93 

C6 
1,4,5,6,8,9,10,12,14,17,19,20,26,28,46,50,51,52,54,55,57,60,61,63,64,66,67, 
69,75,76,77,78,80,86,87,89 

 

Table 5. Confusion matrix after coarse classification for six coarse classes. 
Result 

Actual Value 
C1 C2 C3 C4 C5 C6 

C1 117 0 0 0 0 0 
C2 0 317 6 0 0 0 
C3 0 0 257 2 9 2 
C4 0 18 6 369 0 6 
C5 0 0 6 1 426 5 
C6 0 0 1 5 3 304 

 

Table 6. Accuracy of fine classification in each coarse class for training and test phases. 

Rate 
Coarse Classes 

C1 C2 C3 C4 C5 C6 
Training Phase 99.4% 96.8% 96.9% 96.2% 97.2% 98.5% 

Test Phase 99.1% 85.9% 88.4% 83.0% 89.3% 93.6% 
 

5.4 Comparison With the State-of-the-art EMD Fingerprint Matching 
 
To justify the performance of the proposed hierarchical CSI-fingerprint classifica-

tion mechanism, the state-of-the-art EMD fingerprint-matching algorithm [8, 24] was 
chosen for comparison. The EMD can preserve statistical characteristics in the frequency 
domain of CSI information and has a stable performance. The EMD-based CSI matching 
experiment was executed as follows. In the model construction phase, CSI samples for 
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each physical configuration and different target positions were extracted for a duration of 
1 min. More than 1000 samples can be extracted within this duration. Each sample in-
cludes three antennas and each antenna contains 30 subcarriers. Ninety histograms of 
those 1000 samples were considered as model fingerprints and stored in the fingerprint 
database. In the matching phase, histograms of 100 samples (approximately 5s) or 50 
samples were considered as test fingerprints. The test fingerprints were then compared 
with all model fingerprints individually. The model fingerprints with minimum EMD 
were considered as the best match. The physical configuration corresponding to the best 
matching model fingerprints was output as the position result. The simulation results are 
shown in Table 7.  

 
Table 7. Results of EMD-based fingerprint-matching. 

Sample Size 
Correct Matching Rate 

Ant. 1 Ant. 2 Ant. 3 
50 62.97% 61.35% 65.68% 

100 69.73% 69.73% 69.73% 
 

Table 7 shows that the best correct matching rate of the EMD-based fingerprints 
matching algorithm for the indoor MLP was 69.73%. Furthermore, a duration of more 
than 5 s was required for EMD to obtain a sufficient number of samples to construct the 
test fingerprints. However, in the proposed hierarchical CSI-fingerprint classification 
algorithm, only 40 samples (2s) were required to obtain the test sample x', and a higher 
matching accuracy of 84.76% was achieved.  

6. CONCLUSION 

This paper addresses the problem of passive multiperson localization by emplyoing 
CSI and proposes a coarse-to-fine classification mechanism to reduce the complexity of 
multiperson localization. Moreover, CSI coarse classification is used to analyze the asso-
ciation between CSI and multiperson configuration. The validity of the hierarchical clas-
sification method is verified through experiments. The MLP cannot be fully resolved 
using this technique; moreover, increasing the number of people or the number of meas-
urement points results in new challenges for the fingerprint method. In the future, we will 
attempt effective feature extraction of the fingerprints and investigate the generalization 
ability of various classification algorithms in both coarse and fine classifications.  

ACKNOWLEDGMENT 

This work was supported by the NSF of China Grant 61472057, the NSF of Anhui 
Grant 1808085MF165, the Science and Technology Planning Project of Anhui Province 
Grant 1401b042013, the Anhui Education Department Grants gxyqZD2016331, KJ2017A425 
and KJ2017B19, the Anhui Province’s Department of Human Resources and Social Se-
curity for the Returned Overseas Chinese Scholars, and the Chuzhou University Grant 
zrjz2017003. 



HIERARCHICAL CSI-FINGERPRINT CLASSIFICATION FOR PASSIVE MULTIPERSON LOCALIZATION 131059 

REFERENCES 

1. J. Waffles, J. D. Brabanter, P. Crombez, P. Verhoeve, B. Nauwelaers, and L. D. 
Strycker, “Distributed, signal strength-based indoor localization algorithm for use in 
healthcare environments,” IEEE Journal of Biomedical and Health Informatics, Vol. 
18, 2014, pp. 1887-1893. 

2. X. Zheng, J. Yang, Y. Chen, and Y, Gan, “Adaptive device-free passive localization 
coping with dynamic target speed,” in Proceedings of IEEE INFOCOM, 2013, pp. 
485-489. 

3. Z. Yang, Z. Zhou, and Y. Liu, “From RSSI to CSI: Indoor localization via channel 
response,” ACM Computing Surveys, Vol. 46, 2013, pp. 1-32. 

4. B. Mager, P. Lundrigan, and N. Patwari, “Fingerprint-based device-free localization 
performance in changing environments,” IEEE Journal of Selected Areas in Com-
munications, Vol. 33, 2015, pp. 2429-2438. 

5. X. Wang, L. Gao, S. Mao, and S. Pandey, “CSI-based fingerprinting for indoor lo-
calization: a deep learning approach,” IEEE Transactions on Vehicular Technology, 
Vol. 66, 2017, pp. 763-776. 

6. P. Oğuz-Ekim, J. P. Gomes, J. Xavier, M. Stošić, and P. Lliveira, “An angular app- 
roach for range-based approximate maximum likelihood source localization through 
convex relaxation,” IEEE Transactions on Wireless Communications, Vol. 13, 2014, 
pp. 3951-3964. 

7. T. He, C. Huang, B. M. Blum, J. A. Stankovic, and T. Abdeizaher, “Range-free lo-
calization schemes for large scale sensor networks,” in Proceedings of the 9th Annu-
al International Conference on Mobile Computing and Networking, 2013, pp. 81-95. 

8. Z. Zhou, Z. Yang, C. Wu, L. Shangguan, and Y. Liu, “Towards omnidirectional pas-
sive human detection,” in Proceedings of IEEE INFOCOM, 2013, pp. 3057-3065. 

9. S. Ferdous, E. Becker, L. Fegaras, and F. Makedon, “Multi-person identification and 
localization using RFID and passive sensor technology,” in Proceedings of the 4th 
International Conference on Pervasive Technologies Related to Assistive Environ-
ments, 2011, pp. 66-67. 

10. J. Krumm, S. Harris, B. Meyers, B. Brumitt, M. Hale, and S. Shafer, “Multi-camera 
multi-person tracking for easyliving,” in Proceedings of the 3rd IEEE International 
Workshop on Visual Surveillance, 2000, pp. 3-10. 

11. A. Ess, B. Leibe, K. Schindier, and L. V. Gool, “A mobile vision system for robust 
multi-person tracking,” in Proceedings of IEEE Conference on Computer Vision and 
Pattern Recognition, 2008, pp. 1-8.  

12. F. Adib, Z. Kabelac, and D. Katabi, “Multi-person localization via RF body reflec-
tions,” in Proceedings of the 12th Usenix Conference on Networked Systems Design 
and Implementation, 2015, pp. 279-292. 

13. R. V. Nee and R. Prasad, OFDM for Wireless Multimedia Communications, Artech 
House, MA, 2000. 

14. D. Halperin, W. Hu, A. Sheth, and D. Wetherall, “Predictable 802.11 packet delivery 
from wireless channel measurements,” in Proceedings of the ACM SIGCOMM Con-
ference, 2010, pp. 159-170. 

15. M. Aljumaily, “A survey on WiFi channel state information (CSI) utilization in hu-
man activity recognition,” https://www.researchgate.net/publication/305722198. 



 

141060 

16. K

17. M
P
N

18. T
f

19. Z
X

20. W
b
o

21. Y
l
c
N

22. M
q
e

23. J
b
2

24. Y
i

RU

K. Ali, A. X.
signals,” in P
Computing an
M. Zhao, F. A
Proceedings o
Networking, 2
T. Zeng, P. H
fine-grained 
Workshop on 
Z.-P. Jiang, W
Xiao, “Comm
speed estimat
589-604. 
W. Wang, A. 
based human 
on Mobile Co
Y. Wang, J. L
location-orien
ceedings of t
Networking, 2
M. Q. Zhang
quadratic disc
es of the Unite
J. Lu, K. N. P
based algorith
200.  
Y. Rubner, C
image retriev
121. 
 
 

 
 
 
 
 
 

UN-CONG MA, G

. Liu, W. Wa
Proceedings o
nd Networking
Adib, and D. 
of the 22nd An
2017, pp. 95-1
H. Pathak, C. 
device motio
Hot Topics in

W. Xi, X. Li, 
municating is c
tion,” Journal

X. Liu, and M
activity recog

omputing and N
Liu, Y. Chen
nted activity id
the 20th Annu
2014, pp. 617-
g, “Identificat
criminant anal
ed States of A
Plataniotis, an
hms,” IEEE T

. Tomasi, and
al,” Internatio

Run
er Scienc
the M.S. 
Universit
localizati

 
 
 
 

GWO-JONG YU, S

ang, and M. S
of the 21st A
g, 2015, pp. 90
Katabi, “Emo

nnual Internat
108. 
Xu, and P. M

on recognition
n Wireless, 20
S. Tang, J.-Z.
crowdsourcin
l of Computer

M. Shahzad, “
gnition,” in Pr
Networking, 2
, M. Gruteser
dentification u
ual Internatio
-628. 
ion of protein
lysis,” in Proc
merica, Vol. 9

nd A. N. Vene
Transactions o

d L. J. Guibas,
onal Journal 

n-Cong Ma (马
ce from Unive

degree in Co
ty, China, in
on, and seman

SHENG-HUI ZHA

Shahzad, “Key
Annual Intern
0-102. 
otion recogni
tional Confer

Mohapatra, “Y
n through W

014, pp. 49-54
. Zhao, J.-S. H

ng: Wi-Fi indo
r Science and 

“Understandin
roceedings of 
2015, pp. 65-7
r, J. Yang, an
using fine-gra

onal Conferen

n coding regi
ceedings of th
94, 1997, pp. 
etsanopoulos,
on Neural Net

, “The earth m
on Computer

马润聪) receiv
ersity of Jinan
omputer App
2015. His re
ntic similarity

AO AND BIN YAN

ystroke recogn
ational Confe

tion using wi
ence on Mobi

Your AP know
WiFi,” in Proc

.  
Han, K. Zhao,
oor localizatio
Technology, V

ng and modeli
f ACM Interna
76. 
nd H. Liu, “E
ained WiFi sig
nce on Mobil

ions in the h
he National Ac
565-572. 
“Face recogn

tworks, Vol. 1

mover’s distan
r Vision, Vol. 

ved the B.S. d
n, China, in 2
lication from 
search interes

y computation

NG 

nition using W
erence on Mo

reless signals
ile Computing

ws how you m
ceedings of A

, Z. Wang, an
on with CSI-b
Vol. 29, 2014

ing of WiFi si
tional Confer

-eyes: device-
gnatures,” in P
e Computing 

uman genom
cademy of Sci

nition using L
14, 2003, pp. 

nce as a metric
40, 2000, pp.

degree in Com
2012. He rece

Guangxi No
sts include in
.  

WiFi 
Mobile 

s,” in 
g and 

move: 
ACM 

nd B. 
based 
4, pp. 

ignal 
rence 

e-free 
Pro-
and 

me by 
ienc-

LDA- 
195- 

c for 
. 99- 

mput-
eived 
ormal 
ndoor 



HIERA

delin
and 5

ARCHICAL CSI-

 
 

 
 

ng and evalua
5G networks. 
 

FINGERPRINT C

Gwo
Science fr
and the P
tral Univ
faculty o
gineering
His resea
networks

 

Shen
Southeast
cloud com
at the Sch
of the res
Universit

 
 

Bin 
Compute
from Chin
Ph.D. deg
sity Hako
sociate P
gineering
Research
Universit

ation, stochast

LASSIFICATION

o-Jong Yu (游
from the Chun
Ph.D. degree i
ersity, Taiwan
f Department

g, Aletheia Un
arch interests 
, 5G networks

ng-Hui Zhao
t University o
mputing, big d
hool of Comp
search group 
ty in China. 

Yang (杨斌)
r Science fro
na University
gree in System
odate, Japan i
rofessor at th

g, Chuzhou U
er at the Sch
ty, China. His
tic optimizatio

FOR PASSIVE M

游國忠) receiv
ng Yuan Christ
in Computer S
n in 2001. Sin
t of Computer
niversity, Taiw
 include wire
s, big data, an

o (赵生慧) re
of China in 2
data and Intern
puter and Info
of cloud com

 received his
om Shihezi U
y of Petroleum
ms Informatio
in 2015, respe
he School of C
University, Ch
hool of Comp
s research inte
on and contro

MULTIPERSON LO

ed the B.S. de
tian University
Science from 
nce August 20
r Science and
wan. He is a 
eless sensor n

nd deep learnin

eceived her P
013. Now her
net of things. 

ormation Engi
mputing and b

B.S. and M.S
University, Ch
m, Beijing Cam
on Science fro
ectively. He is
Computer and

hina, and is al
puter Science,
erests include 
ol in wireless 

OCALIZATION 

egree in Comp
y, Taiwan in 1
the National C
001, he joined
d Information
member of IE
networks, ad 
ng. 

h.D. degree f
r interests inc
She is a Profe

ineering and H
big data, Chuz

S. degrees bot
hina, in 2004 
mpus, in 2007,
om Future Uni
s currently an
d Information
lso a Postdoc
, Shaanxi No
performance 
networks, LT

151061 

puter 
1989, 
Cen-
d the 

n En-
EEE. 

hoc 

from 
clude 
essor 
Head 
zhou 

th in 
 and 
, and 

niver-
n As-
n En-
ctoral 
ormal 

mo- 
TE-A 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


