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Abstract. WIFI fingerprint positioning technology has been widely studied and
developed for a long time and lots of experiment systems have been established.
However, the time-varying and nonlinear features of the WIFI signal impede the
development in the application level. The performance of existing positioning
systems could be very unstable due to the signal varying. Our object is to
combine the fuzzy technology and multi-classifier approach to improve the
system accuracy and robustness. The proposed method adopts the fuzzy integral
to fusion the results obtained from different fuzzy K-nearest neighbor (KNN)
classifiers generated by adaBoost. Experiment results demonstrate that our
approach improves the average positioning errors and their standard deviations
by 21% and 26% separately compared to the traditional KNN algorithm.
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1 Introduction

As the development of information technology, the location based service (LBS) has
become more and more important for people’s daily lives. The positioning technology
based on global navigation satellite system (GNSS) has achieved a great success in
outdoor scenarios. However, the complicated environment and the multipath effect cause
great difficulties in indoor positioning. Now the research in WIFI fingerprint positioning
technology is very popular to promote the development of indoor applications.

Precedent works have considered many algorithms to deal with the WIFI signal
fluctuation, such as the widely used KNN, Bayesian [1]. However, how to describe the
signal distribution in the area and combat the interference effectively are still big
problems. The deep learning algorithm is used in [2] to obtain better accuracy, with
higher cost.

Some researchers tried to solve the problem by using the fuzzy technology, which
has a strong non-linear characteristic and an anti-interference ability. An effective
calculation of Euclidean distance is undertaken by means of fuzzy logic methods. The
systems comprising a better understanding of the fuzzy inference technology could
provide an improvement of accuracy [3]. Another solution proposed is the use of fuzzy
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rule-based classification, which divides the RSSI into three linguistic terms, low,
medium and high [4–7]. Though the above mentioned fuzzy approaches have made
some progresses, they only adopt fuzzy logic without applying detailed fuzzy mea-
surement. On the other hand, some basic multi-classifier technologies, such as bagging
[8] and Bayesian fusion [9], are adopted by some studies to improve the positioning
system robustness, which provide good research directions.

In this paper, our object is to combine the fuzzy technology and multi-classifier
approaches to improve the system accuracy and robustness. We adopt the improved
fuzzy KNN algorithm as the basic classifier, which establishes fingerprint database with
the average value, the upper quartile, the median and lower quartile of the signal
sequence in each grid. Then, the adaBoost algorithm is proposed to obtain sub-
classifiers. At last, positioning result is obtained by the fuzzy integral fusion approach.
The traditional AP selection and K-means clustering method are also adopted to reduce
the computational complexity.

The following parts of this paper are organized as follows: Sect. 2 presents the
fuzzy KNN based fingerprint algorithm. Section 3 delineates our proposed system
architecture, including the adaBoost algorithm and fuzzy integral fusion approach.
Experiment procedures and simulation results in Sect. 4 demonstrates the efficiency of
our approach. This is followed by the conclusion in Sect. 5.

2 Fuzzy KNN Based Fingerprinting Algorithm

The widely used KNN algorithm is very practical, and just the average value of the
received signal strength (RSS) vector namely S needs to be computed. In the online
stage, the real-time RSS vector M is compared with S through Euclidean distance to
find the k nearest neighbor nodes. The final positioning result can be obtained as
following. li is the location of the ith nearest node and l is the positioning result.

l ¼ 1
k

Xk
i

li ð1Þ

Some improved algorithms such as the weighted KNN have been proposed, but
there is always only the average feature of each grid for comparison. In this paper, the
Fuzzy KNN algorithm is proposed to provide several typical features for comparison.
What’s more, instead of the absolute weights based on the distances, the relative fuzzy
membership degree for each grid is obtained.

During the offline phase, m samples are collected in c grids and the RSS sequence is
R ¼ ðR1;R2; . . .;RcÞ; c ¼ 1; 2; 3. . .;L. L is the number of grids. In grid i, the average
value qi1, the upper quartile qi2, the median qi3 and lower quartile qi4 of the signal
sequence ðRi : Ri1;Ri2; . . .;RimÞ are calculated and stored as the offline fingerprint
database.

Assume the RSS vector Ri expands from small to large, the value of ðqi1; qi2; qi3; qi3Þ
changes as following.
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1
m

Xm
j¼1

Ri;j; Ri; ðmþ 1Þ
4½ �; Ri; 2ðmþ 1Þ

4½ �; Ri; 3ðmþ 1Þ
4½ �

 !
ð2Þ

Where [ ] is the bracket function.
During the online phase, the similarity degree sequence ðti1; ti2; ti3; . . .; ticÞ i ¼

1; 2; 3; 4 sorted by average value, upper quartile, the median and the lower quartile are
calculated based on Euclidean distance separately. Then, the final membership degree
for each grid D ¼ ðl1; l2; . . .; lcÞ can be obtained as follows. The gird with the largest
membership degree will be considered as the positioning results.

lj ¼
X4
i¼1

Xc
s¼1

Ti
sj j ¼ 1; 2; 3; . . .; c

Ti
sj ¼

1PK
q¼1

q

K � sþ 1ð Þ if tis ¼ j

0 else

8><
>:

ð3Þ

Ti
sj is the member of the jth grid of the ith element. K is an adjustable parameter,

which means that K grids are chosen in each similarity degree sequence.

3 System Architecture

Based on the basic fuzzy KNN fingerprinting algorithm, the detailed system archi-
tecture is shown in Fig. 1. After collecting the fingerprint database, K-means clustering
and AP selection are performed, both of which have been proven to be effective in
previous papers. As this paper mainly discusses the fingerprint matching approaches,
the simple and traditional K-means clustering and maximum selection methods are
adopted to make the positioning system executable.

For each cluster, several Fuzzy KNN classifiers are trained based on AdaBoost
algorithm. Then, the confusion matrix of each KNN classifier can be obtained by cross
validation. After the classifier subset is selected according to our selection criteria,
fuzzy measure is trained and stored.

During the online phase, a smoothing filter is adopted to reducing the signal
fluctuation. After the cluster ID is decided, the corresponding sub KNN fuzzy classi-
fiers are used to calculate the membership degree of each grid. At last, the positioning
result is obtained by fuzzy Integral Fusion.

3.1 AdaBoost Algorithm for Positioning

AdaBoost algorithm trains the same type of basic classifiers based on different training
set and combines them together to constitute a stronger classifier, which is the final
strong classifier [10]. According to the theoretical proof, as long as each basic clas-
sifier’s performance is better than random guessing, the error rate of the fusion
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classifier would tend to zero. And our WIFI positioning classifiers proposed satisfy the
assumption. The pseudo code of our method is presented in Fig. 2.

Offline phase
Collecting
Fingerprint
Database

Clustering/
AP selection

Training Fuzzy 
KNN A1

AdaBoost
Fuzzy

Measure
training

Online phase Signal Filtering

Cluster Decision

Membership
Degree Decision

Positioning
Result

Training Fuzzy 
KNN A2

Training Fuzzy 
KNN An

Fuzzy
Integral
Fusion

Classifier
subset

Selection

Confusion
Matrix

Fig. 1. Detailed system architecture

Fig. 2. AdaBoost algorithm for positioning
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During the loop, the fuzzy KNN should be trained based on R and WtðiÞ. Firstly,
the vector Ri is sorted from small to large according to the RSS value. Then, the

average value qðtÞi1 is calculated.

qðtÞi1 ¼
Xm
j¼1

Ri;j �WtðjÞ ð4Þ

Consequently, the offline database of each sub fuzzyKNN is ðqðtÞi1 ;Ri;r0:25 ;Ri;r0:5 ;Ri;r0:75Þ
with ru calculated as followed.

ru ¼ P r j
Xr�1

i¼1

WtðiÞ\u&&rj
Xr
i¼1

WtðiÞ[u

 !

u ¼ 0:25; 0:5; 0:75

ð5Þ

The confusion matrix in step 4 is constructed by the cross-validation of the fin-
gerprint database. As there are L grids in the positioning system, theMðtÞ will be a L � L
matrix in which the entryMðtÞ

i;j presents the number of the instances collected in location
li and assigned to location lj by the fuzzy KNN classifier.

To meet the target of reducing the positioning error as much as possible, we adjust
the fingerprint weight according to whether the error is greater than 3 meters or not.

3.2 Classifier Subset Selection

As proposed in [11], the improvement of multi-classifier approach depends largely on
the characteristic that each classifier does not get involved in the same mistake in
decision making. Therefore, it is essential to make the correlation of the sub classifiers
smaller during the subset selection to provide better improvement of fusion classifier.

In this paper, the generalized diversity (GD) is adopted as the selection criteria [12].
The classifier subset with the largest GD value will be chosen.

GD ¼ 1� pð2Þ
pð1Þ ð6Þ

pð1Þ ¼
XT
t¼1

t
T
pt pð2Þ ¼

XT
t¼1

t
T
t � 1
T � 1

pt ð7Þ

pt ¼

PL�1

i¼2

Piþ 1

j¼i�1
MðtÞ

i;j

PL�1

i¼2

PL
j¼i

MðtÞ
i;j

ð8Þ
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pt is the probability of the tth sub classifier which has the positioning result with
error larger than 3 m. T is the number of the selected classifier subsets from tmax.

3.3 Fuzzy Measure Training and Integral Fusion

As the decision error distribution of each classifier changes as grids vary, we calculate

the fuzzy measure for each grid gðiÞk based on the confusion matrix MðtÞ.

g j
i ¼

M j
iiPL

k¼1
M j

ki

ð9Þ

ki þ 1 ¼
YL
j¼1

ð1þ kig
j
i Þ ð10Þ

Where g j
i stands for the fuzzy measurement of Cj in grid li. Then, ki which is the

parameter of gðiÞk can be obtained. ClðjÞ stands for the jth sub classifier. Consequently,

gðiÞk can be obtained and the fuzzy measure training process is completed.

gðiÞk ðAjÞ ¼ g j
i þ gðiÞk ðAj�1Þþ kig

j
i g

ðjÞ
k ðAj�1Þ

Aj ¼ fClð1Þ; Clð2Þ; . . .;ClðjÞg
ð11Þ

For the integral fusion process, the membership degrees ðlð1Þi ; lð2Þi ; . . .; lðTÞi Þ are
decided by each fuzzy KNN in the online phase as demonstrated in Sect. 2. And the
positioning result can be obtained based on the Choquet fuzzy integral fusion. ðcÞ R
stands for the Choquet integral value of each grid [13]. Therefore, the grid with the
largest integral value will be considered as the positioning result.

ðcÞ
Z

f ðxÞdg ¼
Xn
i¼1

f ðxÞ½gðAiÞ � gðAiþ 1ÞÞ� f ðx1Þ� f ðx2Þ� . . .� f ðxnÞ ð12Þ

Result ¼ argmax
L

i¼1
ðcÞ
Z

ðlð1Þi ; lð2Þi ; . . .; lðTÞi ÞdgðiÞk ð13Þ

4 Experiment and Simulation Results

To evaluate the performance of our proposed method, an experiment is carried out on
the 5th floor of LaiFuShi piazza in Shanghai with a surface of approximately 80 m by
50 m (see Fig. 3). There are more than 300 IEEE 802.11 WLAN APs in this scenario.
During the experiment, we have collected 80 samples of fingerprints from 79 different
locations (see dark squares in Fig. 3, respectively), of which 60 samples are used for
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training and the rest 20 are for testing. Each location is almost 3 m away from each
other and MI 2A is used as the mobile terminal, with Android 4.1.1 system.

Considering the compromise between system complexity and positioning perfor-
mance, we adopt the number of selected sub classifier T ¼ 3. The results in Table 1
show that only 4.76% of the test points have all the errors of classifiers larger than 3 m.
The good diversity of the three classifiers implies high fusion performance.

The positioning accuracy is compared between the sub fuzzy KNN classifier and
the proposed fuzzy integral fusion classifier in the experiment. As shown in Fig. 4, the
percentage of test points without error improves from 59.9% to 64.2% and the largest
error reduced from 40 m to 32 m, which proves the enhancement of the proposed
fusion classifier over all the three sub fuzzy KNN classifiers.

We present some popular positioning matching algorithms for comparison, such as
the traditional KNN method, Gauss Bayesian probability algorithm and Kernel-based
algorithm. Furthermore, the Voting and Bayesian fusion methods are also evaluated.

As the test and training points are collected in the same locations, many positioning
errors are zero and the average error of all the positioning methods are less than 3 m.
The evaluation results shown in Table 2 reveal that all the fusion methods, including

Fig. 3. Experiment scenario

Table 1. Diversity of the sub fuzzy KNN

Number of sub classifiers with error > 3 m Zero One Two Three
Number of points 1327 149 104 79
Percentage/% 79.99 8.98 6.27 4.76
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the Voting, Bayesian Fusion and the proposed approach, outperforms the single
classifier in terms of the average error distances and their standard deviations. Fur-
thermore, the proposed fuzzy integral fusion approach obtains additional performance
improvement.

5 Conclusion

In this paper, we have proposed a novel multi-classifier approach for fuzzy KNN based
WIFI indoor location system. We introduce a new fuzzy KNN classifier based on
membership degree. Subsequently, we propose the AdaBoost algorithm together with
fuzzy integrate fusion approach in the field of indoor positioning. Practical experiment
shows good diversity of selected sub classifiers and the effectiveness of fusion classifier
approaches. The proposed approach improves the average positioning errors and their
standard deviations by 21% and 26% respectively compared to the traditional KNN
algorithm.
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Fig. 4. Comparison of the sub classifier and fuzzy integral fusion classifier

Table 2. Summary positioning result (meter)

Positioning method Average error Standard deviation 90% error

Traditional KNN 1.9725 3.421 6.2
Gauss 2.5083 4.615 6.7
Kernel 1.9222 3.353 5.8
Voting 1.7028 2.81 5.8
Bayesian fusion 1.6809 2.794 5.0
Proposed approach 1.5591 2.598 4.8
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