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CSI and Naive Bayes Classification
Zhefu Wu, Qiang Xu, Jianan Li, Chenbo Fu, Qi Xuan, and Yun Xiang

Abstract—Passive indoor localization is important. Unlike
active localization techniques, it does not require for users to
carry measuring devices, e.g., smart phones. Thus, it is widely
used in applications such as security, smart housing, object
tracking, etc. However, in real-world applications, the passive
localization accuracy is limited due to the environment noises,
multipath effect, etc. To address those problems, in this paper,
we propose to use channel state information (CSI) instead.
Specifically, we make the following contributions: 1) we design
a CSI-based passive indoor localization system; 2) we develop a
Naive Bayes classifier enhanced with confidence level information; and 3) we demonstrate the effectiveness of our technique
using real-world deployments. The experimental results show that
our technique can achieve more than 86% accuracy on average
and at least 15% better than the baseline Naive Bayes classifier.
Index Terms—Channel state information (CSI), indoor localization, naive Bayes, passive.

I

I. I NTRODUCTION

NDOOR localization is an important yet not fully
addressed problem. Global positioning system is widely
used in outdoor localization applications with reasonable
accuracy. However, it cannot be used in indoor environment where the satellite signals are blocked. Moreover,
indoor localization applications require high accuracy in complex and unknown environments. To address those problems,
researchers develop various technologies, such as infrared
rays, ultra wide bandwidth, radio frequency identification,
ultrasound, motion and vision sensors, etc. [1]–[6]. However,
because of additional infrastructure requirement, those techniques are typically too expensive to be deployed in real-world
applications.
Therefore, the mainstream indoor localization techniques
are based on wireless local area networks (WLANs) [7], which
are already densely deployed in many indoor environments,
such as schools, hospitals, restaurants, super markets [8],
etc. By utilizing the existing infrastructure, the deployment
cost can be significantly reduced. As the development of the
WLAN technologies, the bandwidth of 802.11ac is expected
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to be greatly improved [9], further increasing the accuracy of
indoor localization techniques.
The existing WLAN-based indoor localization techniques
can be generalized into two categories: 1) active and 2) passive [10]. For the active techniques, people are required to
carry specific measuring devices, e.g., smart phones [11].
Those devices are used to receive and measure WLAN signals,
such as received signal strength indicator (RSSI). However, in
real-world applications, requiring users to report their mobile
phone status can be inconvenient, inappropriate, and sometimes impossible. Thus, in this paper, we focus on passive
techniques, which do not require the participation of user
devices.
There are two main challenges for passive localization
methods.
1) Constraints of Physical Signals: Existing techniques,
such as fingerprint database [12], usually use RSSI as
passive localization indicator [13]. RSSI is the aggregated signal strength of multiple signal paths. The RSSI
fingerprint database is built by measuring the corresponding RSSI values with people located in all the
possible positions. However, because of the multipath
effect, the RSSI can contain significant noises [14],
which greatly affects the positioning accuracy, as shown
in Section IV.
2) Complexity of Indoor Environments: Passive indoor
localization techniques rely on the interference of the
WLAN signals by the human objectives. Thus, they are
very sensitive to the environmental variations [15]. In
real-world applications, usually there exist many noise
sources such as furniture, multipath effect [16], various
electronic devices, etc. Moreover, the RSSI varies significantly in different locations inside the same room. For
example, the adjacent locations in the center of the room
may have large RSSI variations, while the RSSI between
two corner locations are much closer. This is because
that the corner locations are less sensitive to environmental noises. In general, the indoor environment complexity
significantly affects the localization accuracy.
To address these challenges, we propose to use channel state
information (CSI) [17], [18]. Compared with RSSI, CSI is
more stable and accurate, as shown in our own analysis in
Section IV. Moreover, antennas react differently to the same
signal. Thus, in this paper, we deploy multiple antennas to
improve the localization accuracy.
In our technique, we first collect the CSI information from
different locations of the indoor environment to train the
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A. RSSI-Based Methods

Fig. 1.

Overall system flow.

Naive Bayes classifier. For each pair of antenna, 30 subcarrier waves are grouped as one signature. After the fingerprint
library is built, the indoor locations are determined by comparing the current signature with the library using the classifier.
To further improve the localization accuracy, we introduce the
concept of confidence level.
In this paper, we make the following main contributions.
1) We design a CSI signature-based passive indoor localization system, which does not require participation of
user devices.
2) We propose a Naive Bayes classifier-based technique
combined with confidence level to further increase
localization accuracy.
3) We validate our techniques using real-world experiments
and demonstrated that our methods performs even better
than mainstream RSSI-based active techniques.
The rest of this paper is organized as follows. Section II surveys the related work. Section III describes the system design,
theories, and experimental methods. Section IV presents the
experiment and data analysis results. Finally, Section V concludes this paper.

RSSI-based techniques are mainstream in indoor localization applications [19]–[22]. Existing literatures is focused on
two major areas, which are power distance modeling and
fingerprint-based methods [23], respectively. For the power
distance modeling methods, the distance is calculated based
on the power strength of multiple received signals. A widely
used technique is triangle positioning [12]. In these methods,
the RSSIs of at least three access points (APs) with known
locations are collected to determine the objective coordinates.
However, these techniques typically require the objectives to
be in line of sight, which is unrealistic in real-world applications with complex indoor environments. To address this
problem, Xiao et al. [24] proposed to differentiate the signals
within and outside the line of sight and the localization accuracy can reach about 95%. Moreover, since it is relatively easy
to derive RSSI values, it is often used in hybrid techniques,
such as video surveillance applications [25].
For the fingerprint-based methods, they typically include
two stages: 1) offline training and 2) online testing. The
key technique is to generate the comprehensive fingerprint
database during the training phase. RSSIs from multiple locations are collected and combined as a fingerprint. During the
testing phase, the corresponding fingerprints are collected and
compared with the database. The closest entry in the database
is considered as the objective location [26].
There are many challenges for the RSSI-based methods. For example, in the real-world applications, RSSI values in the same location can vary significantly [16]. It is
mainly caused by the multipath effects in indoor environment. Elnahrawy et al. [14] analyzed the physical constraints
of RSSI-based methods. Unfortunately, those constraints can
only be resolved by either using more detailed and comprehensive indoor environment models or introducing additional
equipments, which can be too expensive and complicated for
real-world applications.
B. CSI-Based Methods

A. System Flow
Fig. 1 shows the overflow of our system. The system contains two phases, which are training and testing, respectively.
In the training phase, the CSI data from all the possible locations are collected and preprocessed. The mean and standard
deviation values of the subcarrier waves are calculated and
used to generate the fingerprint library. During the testing
phase, the CSI data are measured and preprocessed. They
are then compared with the database using a Naive Bayes
classifier. The confidence level is used to further improve the
results and derive the final estimated location of the human
objects.

II. R ELATED W ORK
Based on the physical signals used, the existing WLAN
indoor localization techniques can be generalized into two
categories.

The RSSI signals are very unstable, which greatly limits its applications. Thus, recent researches are focused on
CSI as an alternative. Yang et al. [16] analyzed in detail
the properties of CSI and its advantages against using RSSI.
Li et al. [10] proposed a novel triangular positioning-based
technique which uses CSI to reduce the impact of multipath
effects. Their methods significantly improve the localization
accuracies. Moreover, the development of open source softwares is also facilitating the acquisition of CSI information
for researches and industries [27].
Currently, the CSI researches are mainly focused on two
areas, which are detection and localization, respectively.
Detection includes areas, such as intruder detection, body
movement, behavior analysis, etc. Wu et al. [28] used the CSI
information to address the human body movement detection
problems. Zeng et al. [29] combined the CSI information with
motion sensors embedded in smart phones. Their techniques
can successfully distinguish human body motion as well as its
direction. Researchers also use CSI to identify human gesture
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(a)
Fig. 2.
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(b)

Example of CSI amplitudes in various conditions. (a) CSI amplitudes in the same location. (b) CSI amplitudes in different locations.

and key pressings [30], [31]. Those information can be further used in applications, such as customer behavior analysis,
etc. [32].
Based on the requirement of signal measurement instruments, the localization techniques can also be categorized as
passive or active. For the active techniques, Sen et al. [33]
developed a CSI-based technique called PinLoc, which can
locate the human objectives into 1 × 1 m2 square blocks
with 89% accuracy. Wang et al. [34] processed the CSI
information with deep leaning techniques and increase the
localization accuracies significantly. While for the passive
localization techniques, Xiao et al. [35] proposed to use
multiple pairs of APs and monitoring points (MPs) to collect
CSI channel information for indoor localization applications.
Sabek and Youssef [36] further improved the localization
results using only one pair of AP and MP. For their approaches,
the passive localization accuracy can reach about 0.95 m.
It should be noted that for the detection and localization
applications, they are usually based on the same theories
and techniques. Moreover, in the localization applications,
especially for the passive ones, the detection of the human
objectives is a prerequirement. Thus, in this paper, we do not
distinguish them specifically.
III. T HEORIES AND M ETHODS
A. CSI Introduction
The existing passive localization techniques are mostly
based on RSSI signals, which can be unstable, unreliable, and
inaccurate. To address those problems, we use CSI information
derived from the network’s physical layer.
Typically, in indoor environment, the WLAN signals travel
through multiple paths before they can reach the receiver end.
This phenomenon is referred to as multipath effects. For each
path, the environment can cause different amounts of time
delay, amplitude decay, and phase shift. To differentiate each
path, the wireless channel is modeled as a spatial linear filter.
Thus, the channel impulse response (CIR) can be described
using the following equation:
h(τ ) =

N
!
i=1

|αi |e−jθi δ(τ − τi )

(1)

where αi , θi , and τi are amplitude, phase, and delay for
the ith path, respectively. By applying fast Fourier transformation (FFT) to the CIR functions, we derive the channel
frequency response (CFR) in the frequency domain, as shown
in the following equation:
H( f ) = FFT[h(τ )].

(2)

For the most widely used WLAN protocols, such as IEEE
802.11n, orthogonal frequency division multiplexing (OFDM)
and multiple in multiple out (MIMO) technologies are becoming standard [23]. Their developments facilitate the derivation
of CSI data.
OFDM samples the CIR value at predetermined intervals.
The discretized CIR is shown as follows:
"
#
H( f ) = H( f1 ), . . . , H( fk )
(3)

where H( fk ) is a combination of amplitude and phase for
subcarrier wave fk . In this paper, we derive the CFR of 30
subcarrier waves and group them together as one CSI signature.
The MIMO technique allows the sending and receiving of
signals on multiple antennas. Assuming the system has T sending antennas and R receiving antennas, there can be T × R
links on maximal. The CSI signatures in each link are extracted
for further analysis. In this case, for each system, there are T ×
R × 30 subcarrier waves in total. By analyzing the aggregated CSI signature data from all the links, the reliability and
stability can be improved significantly.
In general, the passive indoor localization techniques are
based on the observation that when human objectives are on
different locations, they interact and impact the environment
differently, which can cause varying changes to the WLAN
signal channels. Therefore, for indoor localization, the signals
used should satisfy the following conditions: 1) stable in the
same location and 2) distinguishable in different locations. As
shown in Fig. 2, CSI signature satisfies those two conditions.
Fig. 2(a) shows two sets of CSI signatures measured in the
same location, but at different time. The x-axis represents the
30 subcarrier waves, while the y-axis represents their amplitudes. For each group, it contains 30 CSI signatures. The
results demonstrate that CSI are mostly stable in the same
location. Fig. 2(b) shows two sets of CSI signatures measured
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(a)
Fig. 3.

(b)

Comparison of stability between (a) RSSI and (b) CSI.

in different locations at the same time. Compared with the
case shown in Fig. 2(a), it is much more differentiable.
Fig. 3 shows the comparison between CSI and RSSI.
Fig. 3(a) and (b) shows the RSSI and CSI distributions from
the same AP. In the figure, x-axis is the amplitude and y-axis is
the probability. It is observed that for the RSSI, the amplitude
values are more unpredictable, with the highest probability
being only around 25%. While for the CSI signatures, there are
significantly less interferences and noises. Moreover, the RSSI
only provides the overall power status, while the CSI contains
information of all the subcarrier waves. It is shown later in
Section IV that passive CSI methods can even outperform the
active RSSI techniques.
B. Naive Bayes Classifier
Passive indoor localization techniques can be generalized as
a classification problem, which aims to identify the existence
of the human objectives in certain locations. In this paper,
we implement a Naive Bayes classifier for its simplicity and
effectiveness [37]. It should be noted that the purpose of this
paper is not to compare different classifiers. Moreover, more
effective and advanced classifiers can be easily integrated into
our system.
The Naive Bayes classifier is based on the Bayes theorem
as shown in the following equation:
P(A|B) =

P(B|A)· P(A)
P(B)

(4)

where P is the probability and P(A|B) is the conditional
probability.
For a Naive Bayes classifier, the probability of each event is
calculated based on (4). The event with the highest probability
is considered as the candidate. Naive Bayes classifier relies
upon two basic assumptions: 1) the features are independent
from each other and 2) each feature has the same prominence.
In general, there are two stages for a Naive Bayes classifier,
which are offline training and online testing, respectively.
As shown in Algorithm 1, during the training stage, we calculate the mean and standard deviation values of the features
in each location.

Algorithm 1 Training Stage
Require: X {The training dataset}
Require: mean, std {The output}
for each location i in X do
calculate mean(x) and std(x)
end for
Algorithm 2 Testing Stage
Require: x {The input feature signature}
Require: L {Output estimated locations}
for each location li do
calculate P(li |x)
end for
L ← argmax∀li ∈x {P(li |x)}
In the testing stage, the original CSI signatures x =
{f1 , f2 , . . . , fm } are classified based on the corresponding features. The probabilities for the objective existing in each
location are calculated and the highest one is chosen as the
estimated location.
Based on the Bayes theorem, we derive the following
equation:
P(Li |x) =

P(x|Li )· P(Li )
P(x)

(5)

where P(Li ) and P(x) are assumed to be known. Thus, to
calculate the estimated locations, we need to find the corresponding location Li that maximizes P(x|Li ). To calculate
P(x|Li ), we assume that the possible values follow Gaussian
distribution, i.e., P(x|Li ) ∼ N(σ, θ ). σ and θ are derived during
the training stage. Algorithm 2 shows the detailed algorithm.
C. Confidence Level Enhancement
The reliabilities of link pairs are different. Thus, to further
increase the localization accuracy, we need to combine the
results from all the links based on their trustworthiness. Thus,
we propose to use confidence levels to enhance the Naive
Bayes classifier. For the rest of this section, we first give the
confidence level definition, and then describe its applications.
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Testing environments (a) 1 and (b) 2.
TABLE I
E XAMPLE C LASSIFICATION R ESULT

second, we compare the performance of state-of-art classification algorithms; third, we show the performance of CSI-based
localization techniques; fourth, we compare the performance
of our confidence level-based method with existing ones; and
finally, we further validate our technique in more extreme
environment conditions.

Assume that for certain antenna pair, the unclassified sampling data can be described as follows:
$
%
S = s1 , s2 , . . . , sp
(6)

where si represents the ith elements in sample S. Thus,
after applying the Naive Bayes classifier, we can derive the
estimated location cluster L as described in the following
equation:
Li = Bayes(si )

∀i ∈ S

(7)

where Li is the classification results for the ith elements. Thus,
we define the confidence level as follows:
number(max(Li ))
confidencei =
(8)
p
where number(max(Li )) is the counting number of the most
frequently appearing element in Li and p is the size of the
sample. For example, assume there are 20 members in the
testing sample, among which 15 elements predict objective in
location 1 while the rest predict otherwise. Thus, we derive
that number(max(Li )) equals 15 and p equals 20. Therefore,
the confidence level is calculated as 15/20 = 0.75.
An advantage of using confidence level is that we can compare and utilize the results from multiple antennas. For a single
antenna pair, the classification results can be random and erroneous. As shown in Table I, the classification results of the
same location for different antenna pairs can be conflicting.
Thus, in that case, confidence level can be used to determine
which antenna pair to trust. By considering the information
from multiple link pair simultaneously, it can significantly
improve classification performance.
IV. E XPERIMENTAL R ESULTS
In this section, we show the experimental results that validate our confidence level-based technique. First, we describe
the setup of the experiment and data processing techniques;

A. Experiment Setup and Preprocessing
1) Experiment Setup: The most important experiment
instruments include APs and MPs. The AP uses TP-LINK
WR842N router, which has two antennas. MP uses an Intel
5300 wireless network card, which has three MIMO antennas. To extract the CSI information, we utilize a network card
information extraction tool, CSITOOL by Dhalperi.
In theory, there can be 2 × 3 = 6 link pairs. However,
in practice, typically only 2–4 links can work reliably due to
environment variations. Without loss of generality, we choose
two pair of links in our experiment, which are link 1-1 and
1-2, respectively.
Fig. 5 shows the experiment instruments and environments. The human objective is positioned in various indoor
locations. The MP receives the data packets sent from the
AP. After processing the packets, the CSI information can
be extracted. The existence of human objective interferes
with the data transmission channels and thus affects the CSI
strengths.
Our techniques are tested in two different indoor sceneries.
The first testing location is a tech laboratory. As shown in
Fig. 4(a), it is quite crowded and hence has a relatively large
number of multipaths. The size of the room is 7.2 × 7.2 m2 ,
and there are a total of 19 data collection points distributed
uniformly in the room.
The second testing location is an empty classroom, which
suffers less from the multipath effects. Fig. 4(b) shows the
environment of the second testing location. The size of the
room is 5 × 15 m2 . There are 30 data collection points
distributed uniformly inside the room.
In both testing cases, the data collection interval is 80 s.
The AP is placed 20 cm above the ground, while the
MP is 38 cm above the ground. The human objective’s
orientation and stance remain unchanged during each data
collection period. For the signatures collected at each point,
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(a)
Fig. 5.

Experiment instruments and environment.

Algorithm 3 Abnormal Reading Removal
Require: D {The input dataset}
Require: V {The output processed dataset}
for each feature f in D do
for each f do
if |V(s, f ) − mean(1, f )| > 3 − std(1, f ) then
V(s, f ) ← mean(1, f )
end if
end for
end for

we randomly select 20 sets to perform online testing, while
the rest are grouped as the training set for the Naive Bayes
classifier.
2) Data Preprocessing: Before being processed by
the Naive Bayes classifier, the data should be preprocessed.
The purpose of the preprocessing stage includes removing the
abnormal data and normalization.
Abnormal readings in CSI signatures can significantly deviate from the average. For example, as shown in Fig. 6(a),
subcarrier wave 15 has large deviations from the rest subcarrier waves. Thus, we consider this subcarrier wave as
abnormal wave. Those abnormal readings can be caused by
the clustering of multiple paths.
To address the abnormal reading problem, we preprocess data using Pauta criterion. The data are compared with
the mean value. If the difference is greater than 3σ , the
data are considered abnormal. The pseudo-code is shown in
Algorithm 3.
In Algorithm 3, V(s, f ) is the CSI value for the sth sample
and f th feature, mean(1, f ) is the average value for f th feature,
and std(1, f ) is the standard deviation. After the preprocessing
of the abnormal values, the noise is greatly suppressed, as
shown in Fig. 6(b).
The other step of preprocessing is normalization, which
maps the values of each CSI signature into range of 0 to 1.
Normalization can facilitate the comparison between different
features in case their values differ in order of magnitude. It is

(b)
Fig. 6. Effectiveness of noise reduction preprocessing. (a) CSI signature
before preprocessing. (b) CSI signature after preprocessing.

performed based on the following equation:
Vnormalized =

V − min
max − min

(9)

where V is the original CSI signature data set and min and max
are minimal and maximal values for certain feature, respectively.
The abnormal readings can significantly affect the normalization
process as shown in Fig. 6(a). After removing the abnormal
readings, the normalization results can be improved.
B. Classifier Algorithm Comparison
1) Machine Learning Algorithm Comparison: Machine
learning-based classification is a well studied area. According
to existing literature, there are three most widely used
machine learning techniques, which are support vector
machine (SVM), K nearest neighbors (KNNs), and Naive
Bayes, respectively [38].
For the indoor localization application, accuracy and speed
are both important. In many applications, especially safety
monitoring area, the human location can change randomly and
rapidly, which requires a short classification and response time.
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TABLE II
P ERFORMANCE C OMPARISON W ITH HNB A LGORITHM

Moreover, the indoor environments, such as people, furniture, weather, etc., vary constantly. Thus, the classifier requires
frequent retraining. Therefore, fast classification and training
speed is an important criterion for classification algorithms.
There are tradeoffs between different algorithms. SVM has
excellent classification accuracy, but is hard and expensive to
train. KNN is simple. However, since it requires calculating the
distance of each testing sample to all the training samples, the
classification speed is relatively slow. Naive Bayes is simple
and fast, but the classification performance is sacrificed [39].
In this paper, we choose the Naive Bayes classifier based
on the following observations and reasons.
1) Data Size: Each sample contains about 30 subcarrier
waves. During our experiment, the data packets are
transmitted and recorded every 1 s. Moreover, the samples are labeled using multiple classes. For example,
there are 20 classes for environment 1 and 31 classes
for environment 2. The data size is large and hence, the
classification speed is important and critical.
2) Noises: The experiment data are collected from various indoor scenarios, which usually contain significant
noises. The Naive Bayes classifiers are relatively tolerant
to noisy data.
3) Simplicity and Popularity: The purpose of this paper is
not to compare the performance of state-of-art classification techniques. To demonstrate the effectiveness of
our confidence level-based method, we prone to use the
simple, fundamental, and popular classifiers.
Fig. 7 shows the comparison results of the three popular
classification algorithms. The x-axis is the different training sets and y-axis shows both speed and accuracy. The
data set contains 50 samples and is tested using varying
training and testing sets. Among the three algorithms, the
SVM method has the best performance and the Naive Bayes
method is about 15% less accurate. However, for the algorithm speed comparison, the Naive Bayes algorithm requires
significantly less time. Thus, in general consideration, we
use Naive Bayes classifier in this paper. Note that for different applications and requirements, we can easily integrate
the most appropriate classification algorithms into the current
framework.
2) Improved Naive Bayes Algorithms: The Naive Bayes
method can encounter many problems in real-world applications, e.g., interdependent datasets, unobservable parameters, complex dependencies, etc. Thus, researchers propose various improved Naive Bayes algorithms, such as
Bayes network [40], tree augmented Naive Bayes [41],
averaged one-dependence estimators [42], weighted average of one-dependence estimators [43], hidden Naive
Bayes (HNB) [44], etc. Therefore, it is necessary to investigate

Fig. 7.

Accuracy and speed comparison of the three algorithms.

the performance-time tradeoff and effectiveness of our
confidence level-based method on those improved Naive Bayes
methods. Without loss of generality, we choose the state-of-art
HNB as the comparison method.
The comparison results are shown in Table II. The experiment is done in the same environments as described in
Section IV-A1. The WEKA machine learning software [45]
is used to perform the Naive Bayes and HNB analysis.
In this experiment, the data are discretized but without
preprocessing. In the table, for each method, the running
time includes both training and testing time. Compared with
the Naive Bayes method, the HNB method has about 4.5%
accuracy improvement on average, and 9.2% improvement on
maximal. However, the running time of HNB is increased by
more than three times, which is a significant drawback for
real-time passive localization applications. Moreover, we apply
our confidence level-based technique on HNB method. As a
result, compared with the original HNB algorithm, the localization accuracy is improved by more than 10% on average
and 32.5% on maximal.
In general, it is demonstrated that our technique can also significantly improve the performance of improved Naive Bayesbased algorithms. Our technique is based on the assumption
that the trustworthiness of different antenna pairs changes with
the environment, which is independent of the data processing
and analysis algorithms. Thus, even though we choose Naive
Bayes as our baseline, the conclusions are still valid for other
more advanced Bayes algorithms.
C. CSI Classifier Results
In this experiment, we use data from antenna pair 1-1 and
1-2. In the two testing environment, there are 19 and 30
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(a)
Fig. 8.

Clustering results for the first test environment. Confusion matrix for link (a) pair 1-1 and (b) pair 1-2.

(a)
Fig. 9.

(b)

(b)

Clustering results for the second test environment. Confusion matrix for link (a) pair 1-1 and (b) pair 1-2.

data collection points, respectively. The unoccupied scenarios are represented as point 20 and 31. For each location, 20
signatures are selected randomly for testing.
The classification results are compared with the actual locations. Thus, we can draw the confusion matrix based on the
results. Fig. 8(a) shows the confusion matrix of antenna pair
1-1 for the first testing environment; Fig. 8(b) shows the
confusion matrix of antenna pair 1-2 for the first testing environment; Fig. 9(a) shows the confusion matrix of antenna pair
1-1 for the second testing environment; and Fig. 9(b) shows
the confusion matrix of antenna pair 1-2 for the second testing
environment. In the confusion matrix, the x-axis represents the
actual locations and the y-axis represents the locations returned
by the classifier. The gray scale, as shown in the right bar, is
corresponding to the number of certain location being classified into various locations. Obviously, the diagonal blocks
represent the correct classifications. Thus, a deeper color in
the diagonal blocks represents a better classification result.
In general, as shown in the figures, the classification results
are excellent. Certain points, e.g., location 14, 15 in testing

environment 1, have relatively poor results. The reason is that
those points are typically at the corners of the room, where
the impact of human existence to the channel is relatively
insignificant. The results of testing environment 2 are better
since it suffers less from the multipath effects.
Fig. 10(a) and (b) shows the ratio of false negative (FN)
and false positive (FP) for the whole data set. In both testing
cases, FP is greater than FN. The reason is that some points,
such as the corner ones, have relatively insignificant impact to
the channel status. Thus, human existence in those locations
is harder to detect. In general, testing case 2 is better than
testing case 1 due to its simpler indoor environment. However,
in testing case 2, the FP ratio for link 1-2 reaches 100%. The
link is very unreliable and must be compensated.
The experiment shows that for the same testing environment, different antennas have significantly different classification results. Thus, to improve the classification results, we
need to quantify the confidence level of different antennas and
choose the most reliable links. Therefore, we apply confidence
level test to the antenna pairs.
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Fig. 10.

(b)

Experimental results for different techniques. FN/FP ratio for (a) environment 1 and (b) environment 2.

(a)
Fig. 11.
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(b)

Experimental results for different techniques. Classification results for (a) environment 1 and (b) environment 2.

D. Confidence Level Method Comparison
In this section, we show the comparison results of our
confidence level-based technique with the following methods.
1) RSSI-Based: The main stream active RSSI-based technique. To compare it with our technique, we collect the
RSSI information the same way as shown in Fig. 4.
We use the same MP to collect the RSSI data from
three different APs and applied the same Naive Bayes
classifier.
2) Link 1-1: Classification results by using the CSI signatures from link 1-1 only.
3) Link 1-2: Classification results by using the CSI signatures from link 1-2 only.
4) Confidence Level Method: Our proposed technique.
Fig. 11(a) and (b) shows the classification accuracies in
both testing environments. Experimental results show that our
technique outperforms others significantly. Our technique is
about 30% better than the second best in testing environment
1, and 15% better in testing environment 2. In both cases,
the overall accuracies of our methods are above 90%. Our
method improves upon the existing technique by choosing

Fig. 12.

Example RSSI values.

the more reliable link pairs and filtering out the extreme
conditions.
It should be noted that the traditional RSSI-based techniques, even if it is active, are significantly less accurate than
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Testing environments of (a) 3 and (b) 4.

(a)
Fig. 14.

(b)

Performance comparison of environments (a) 3 and (b) 4.

the CSI-based techniques. Its accuracies in both sceneries are
just 52.6% and 56.7%, respectively.
The reason is that RSSI signals are much more fluctuating
and unstable than CSI. Fig. 12 shows an example of RSSI
values of three APs from various locations at the same time.
It can be observed that the RSSI values are very noisy. At
certain point, the difference between APs can reach 50 dBm.
E. Comparison Results in Extreme Environments
In the previous sections, we demonstrate the performance of
our technique in two different rooms. To further validate our
methods in more extreme environments, we repeat the experiment in two additional indoor scenarios, which are shown in
Fig. 13(a) and (b), respectively. The descriptions of those two
environments are as follows.
1) Environment 3: It is a crowded corridor and has many
people passing by during the data collection period. The
rooms beside the corridor belong to a communication
laboratory, which generates significant electromagnetic
waves. This environment contains a large amount of
noises and interferences.

2) Environment 4: It is located in a room which has a
large outdoor balcony. Part of the room is connected
to the outdoor environment, which suffers less from the
multipath effect. The channel state characteristics inside
and outside the room are quite different.
For those two environments, we select 26 and 18 data collection points, respectively. The setup of the experiments is the
same as described in Section IV-A1.
Fig. 14(a) and (b) shows the comparison results in environments 3 and 4. The x-axis represents different localization
techniques and the y-axis represents the accuracy. For the
testing case of environment 3, more than nine points are
significantly affected by atmospheric interferences, such as
people staying, walking, running, etc. The noisy environment reduces the overall accuracies. Without confidence level
enhancement, the localization accuracies drop to below 50%.
Moreover, the performances of CSI-based methods are becoming similar to the RSSI-based method. In this case, however,
our confidence level-based algorithm records the greatest
improvement, increasing the accuracy by more than 50% on
average. For the testing case of environment 4, because of the
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