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Learning RSSI Feature via Ranking Model for
Wi-Fi Fingerprinting Localization
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Abstract—Wi-Fi fingerprinting is widely used in indoor localization due to the ubiquitous availability of Wi-Fi infrastructure
in indoor environments. The basic assumption of fingerprinting
localization is that the received signal strength indication (RSSI)
distance is consistent with the location distance. However, due
to the fluctuation of Wi-Fi signals in indoor environments, the
nearest neighbors selected using the RSSI distance may not be
those whose corresponding locations are nearest to the target,
which could lead to a large localization error. In this paper, we
propose a novel fingerprinting method for indoor localization
by transforming raw RSSI into features with a learned nonlinear mapping function. To learn such mapping function, we
design a triple loss function that measures the difference between
the rank of RSSI distance and that of location distance. By
minimizing the loss function iteratively, we can learn the nonlinear mapping function with the gradient boosting regression
forest (GBRF) method. Experiments have been conducted in a
complex environment and experimental results show that our
method outperforms the state-of-the-art methods.
Index Terms—Fingerprinting, positioning, ranking model, feature learning.

I. I NTRODUCTION
S the global navigation satellite system (GNSS) cannot work indoors, it is challenging to design a robust
indoor localization method. Indoor localization is an active
research field that benefits lots of mobile computing applications [1], [2]. As the wireless local area networks (WLAN)
are widespread in urban scenarios, various wireless techniques
have been developed for accurate location estimation [3], [4],
[5].
Early wireless localization methods use RSSI to estimate
the distances between the access points (APs) and the mobile
device according to a radio propagation model [6], [7], [8]. The
location of the mobile device is calculated using triangulation
methods [9], [10] or multilateration methods [11], [12]. However, these methods are heavily influenced by the multipath
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effect in an indoor environment because of the existing walls
or obstacles. Also, triangulation and multilateration methods
require to know the locations of APs in advance that may be
impractical to be obtained in many scenarios.
Wi-Fi fingerprinting has become one of the mainstream
approaches for indoor localization as it does not require
knowledge about the locations of APs [13], [14]. A fingerprint
is defined as a vector of signal strengths from the visible
APs to describe the radio signal characteristics at a specific
location. Fingerprinting localization consists of offline and
online stages. In the offline stage, fingerprints are collected at
a grid of known locations. These known locations are called
reference points (RPs). Then the fingerprints together with
corresponding coordinates are stored in a database, which is
called fingerprint database or radio map. Manual site survey
to construct the fingerprint database is usually labor-intensive
and time-consuming, some recent works have utilized the
interpolation [15], Gaussian Process Regression [16], [17],
and partial least squares regression (PLSR) [18] to reduce
the human effort. In the online stage, k-nearest neighbors
(KNN) [19], [20], [21] can be used to compute the location by
averaging the locations of K candidate fingerprints, which are
selected from the fingerprint database by the RSSI similarity.
The KNN method assumes that the RSSI distance is consistent
with the location distance. However, due to the fluctuation of
signal strength over time in real environments, the assumption
can not be guaranteed and the estimated location of the KNN
using the RSSI distance would be far from the true position.
This could result in a large localization error.
To improve the accuracy of fingerprinting localization, some
transformation has been conducted on the offline and online
RSSI in [22]. The authors of [23] use principal component
analysis (PCA) [24] to reduce the dimension of RSSI. In [25],
the raw RSSI is linearly transformed by a supervised dimension reduction method for online localization. The Bag-ofWord model is applied to transform the RSSI by clustering
the fingerprints in the signal space in [26]. However, neither
the dimension reduction methods nor the Bag-of-Word based
RSSI representations are designed to improve the neighborhood similarity between RSSI space and location space, their
localization performance is hence limited. In [27], multidimensional scaling (MDS) is used to map the crowdsourced
fingerprints to the floor plan without requiring a site survey,
but this method aims to update the fingerprint database and
does not modify the RSSI representation.
In this paper, we propose a novel Wi-Fi fingerprinting
localization method by considering fingerprinting localization as a ranking problem and learning the RSSI feature
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via optimizing the ranking model. Specifically, we construct
positive and negative fingerprint pairs to describe the ranking
information of the fingerprint database by using a location
distance threshold. After constructing all the pairs, we design
a triple loss function that contains two terms to pull the
fingerprints in positive pair closer in the RSSI space and push
the fingerprints in the negative pair away. Then, this triple
loss function is minimized to learn a non-linear function that
is used to transform raw RSSI data into features. The nonlinear mapping function is expressed as the combination of
multiple regression forests, which are obtained by applying
the gradient boosting regression forest (GBRF) method to
fit the gradients of fingerprints at each iteration. Then, the
RSSI features are extracted from the raw data by the mapping
function in the online and offline stages. Finally, the typical
weighted k-nearest neighbors (WKNN) is used for localization
based on the online and offline RSSI features. Note that the
reason why the GBRF is selected is that it can effectively
learn the nonlinear function without requiring too much data.
Although there are other methods available such as support
vector machine (SVM) and deep learning models, they are
not suitable for our task. The SVM focuses on the regression
and classification problems, while the task in this study is a
ranking problem. Deep learning models require a large dataset
for parameter optimization, which is not available in this study.
In summary, our contributions are listed as follows:
1) We propose a novel fingerprinting method for indoor
localization by learning a non-linear mapping function
that transforms the raw RSSI data into RSSI features.
This is to guarantee that the neighborhood of RSSI
feature has a higher similarity with the neighborhood
in location space than that of raw RSSI, to improve the
localization accuracy.
2) We propose the GBRF method to learn the mapping
function. Compared to the gradient boost regression tree
(GBRT) that aims to fit values, the GBRF method can
fit vectors by regression forest.
3) We evaluate the proposed method in real environments
with various regions. Experimental results show that
the proposed method outperforms the state-of-the-art
methods.
The rest of the paper is organized as follows. Section
II reviews related works. In Section III, we provide an
overview of the proposed method. The ranking model for WiFi fingerprinting localization is described in Section IV, and
experimental evaluation is conducted in Section V. Section VI
concludes this paper.
II. R ELATED W ORK
Indoor localization using Wi-Fi has become popular because
of the ubiquity of Wi-Fi infrastructure and devices. Generally,
indoor localization based on Wi-Fi can be categorized into the
model-based and fingerprint-based approaches.
A. Model-based Approaches
Model-based approaches use a radio propagation model to
determine the location of a target. A simple radio propagation
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model is proposed by Friis [6], which is widely used in outdoor
environments, but it is not suitable in indoor environments that
are more complex than outdoor environments. Based on the
Friis free space model, log-distance path loss (LDPL) models
has been developed to describe the radio propagation in indoor
environments [28], [29], [30]. Lim et al. [11] proposed a zeroconfiguration localization system without a site survey, which
uses a linear model to express the relationship between the
RSSI distance and the location distance. The location is then
estimated by multilateration. Madigan et al. [31] proposed a
hierarchical Bayesian graphical model to describe the pairwise
relationship of the RSSI and to locate the group of targets
simultaneously. The method in [12] first narrows the region
of the target’s possible locations by comparing the RSSI from
different APs, and then estimates the location using the center
of the final shrunk region.
In addition to the above models, nonlinear regression (NLR)
model [7], and Wasserstein distance model [8] that consider
the obstacles in indoor environments can be also used for
localization.
The main limitation of model-based methods is that they
are heavily influenced by irregular signal propagation in
indoor environments because of complex indoor structures.
The achieved localization performance is influenced by the
multipath effect of wireless signals in indoor environments.
B. Fingerprint-based Approaches
Wi-Fi fingerprint-based approaches infer the location corresponding to an online RSSI vector by matching it to the
fingerprints that are collected by site survey. The methods
contain offline and online stages for fingerprint collection and
location estimation, respectively.
In the offline stage, the fingerprint database consisting of
fingerprints and corresponding locations is constructed via site
survey. However, the site survey process is time-consuming
and labor-intensive especially when the RPs are dense. To
reduce the labor and time, Gao et.al. [32] used the pedestrian dead reckoning (PDR) to compute the locations of the
crowdsourcing fingerprints. The locations estimated by PDR
are refined by loop closure analysis before associating with
corresponding fingerprints. The particle filtering combined
with inertial sensor data is utilized to estimate the coordinates of collected fingerprints in Zee [33]. Crowdsourcingbased methods for reducing the time and labor to construct a
fingerprint database have also been used in [27], [34], [35]. To
tackle the time-variant RSSI at the same reference point, the
researchers in [36] proposed using the gradient RSSI to build
a robust database.
The online location estimation methods can be categorized
into deterministic and probabilistic methods [37]. The deterministic methods estimate the location by the NNs selected
from the fingerprint database according to the RSSI similarity,
such as Euclidean distance [19], Tannimatio similarity [20],
and cosine similarity [21]. The deterministic methods can be
implemented by the KNN easily and efficiently. Probabilistic
methods analyze the statistical property of the fingerprint
database [38] and infer the location probability for an online
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Fig. 1. System architecture. The input of our RSSI ranking model is a set of raw fingerprints and corresponding locations. Based on the constructed fingerprint
pairs, we design a triple loss function to learn a mapping function. The performance of fingerprinting localization can be improved by transforming the raw
RSSI to features by the learned mapping function.

TABLE I
M AJOR S YMBOLS D ESCRIPTION
Notation

Definition

fi
pi
fi+
fi−
ε
δ
ϕ
h
gi
H
α
L

The i-th fingerprint
Coordinate of the fingerprint fi
Positive fingerprint for fi
Negative fingerprint for fi
Threshold of the location distance
Marginal distance between the positive and negative pairs
Function of transforming the raw RSSI values
Gradient regression tree
Gradient of the fingerprint fi
Gradient regression forest
Learning rate
Loss function of the ranking model

RSSI vector. Horus [39] uses a Gaussian model to describe the
RSSI distribution at each RP during a period of time. Then
the target location is estimated by the maximum likelihood
method.
Conventional fingerprinting methods use raw RSSI to construct the fingerprint database and estimate the location in
the online phase. However, the distance in the signal space
may not reflect the distance in location space well due to
obstructions in indoor environments. A system called LiFS
was proposed in [40], which does not require site survey and
achieves competitive localization accuracy by transforming the
localization problem from 2D floor plan to a high dimension
fingerprint space. However, the method does not apply any
operation on online RSSI vectors to improve localization
accuracy. Our method learns a non-linear mapping function
that transforms raw RSSI vectors into features to guarantee
a better estimation for the location distance and results in an
improvement in the achieved localization accuracy.
III. S YSTEM A RCHITECTURE
In this section, we describe the architecture of the proposed
system, which is illustrated in Fig. 1. Firstly, we summarize
the major symbols used in this paper in Table I. Our system

contains offline and online stages. In the offline stage, Wi-Fi
fingerprints are collected through site survey and stored in a
fingerprint database along with their locations. Then, we put
the fingerprints into pairs and divide the pairs into positive
and negative ones by a location distance threshold in order to
describe the ranking information of the fingerprint database.
Based on the two kinds of pairs, we can construct the RSSI
triplets and design the triple loss function to measure the
dissimilarity of the ranks of location and RSSI distances. To
handle the data from complex scenes, we define a non-linear
mapping function ϕ to extract features from the raw RSSI
vectors. We propose the GBRF method to learn this mapping
function by minimizing the loss function with the gradient
descent method. After that, we replace the raw fingerprints
by the RSSI features transformed using the mapping function
ϕ. In the online stage, we use the mapping function ϕ to
extract the feature from the online RSSI vector and estimate
the location by a typical WKNN method. As the mapping
function improves the consistency of the RSSI distance and
the location distance, using the RSSI feature is able to select
more accurate NNs, which further results in better localization
accuracy.

IV. RSSI R ANKING M ODEL
In this section, we introduce the RSSI ranking model in
detail. Firstly, we describe the construction of RSSI pairs and
the categorization process of pairs. Then, based on the RSSI
pairs, we define the triple loss function, which is used to
measure the dissimilarity between location and RSSI distances.
To optimize the ranking model, we propose a GBRF method
to learn non-linear mapping function by minimizing the triple
loss with the gradient descent method. Finally, we illustrate
the WKNN-based online localization with the RSSI features
obtained by applying the learned mapping function on the raw
RSSI vectors in the offline and online stages.
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Fig. 2. Illustration of the determination for positive pairs and negative pairs

A. Construction of RSSI Pairs
Suppose that there are N fingerprints in the database and
are denoted by F = {fi , i = 1, · · · , N }. Their corresponding
coordinates are denoted by P = {pi , i = 1, · · · , N }, where
fi ∈ RD and pi ∈ R2 . The dimension D of fingerprints equals
the number of APs. We take all the possible combinations
of fingerprints to construct the pairs (fi , fj ) at first. Then
these pairs are categorized into positive or negative ones by a
location distance threshold ε. The value of ε is set empirically.
Note that an improper large ε may generate the positive pairs
that have a large variance in the signal distance, which would
bring the difficulty to the model optimization and lead to
the decline of the localization accuracy. According to the
experiments, the best value of ε is 2. More details can be found
in Section V-C. Fig. 2 illustrates the determination of pair
types. As the fingerprints are collected at the known locations,
2
we are able to compute the location distances ||pi − pj ||
between the two fingerprints fi and fj . The pair is considered
as positive if the corresponding location distance of the pair
is smaller than the threshold ε, otherwise, the pair is negative.
B. Triple Loss Function
Based on the positive and negative fingerprint pairs, we
construct the fingerprint triplets that are used to define a triple
loss function. For a fingerprint fi , its positive pair and negative
pair are represented as (fi , fi+ ) and (fi , fi− ), respectively.
According to the positive pair and negative pair, a triplet is
built as (fi , fi+ , fi− ) ∈ T , where T is the set of all the possible
triplets in the fingerprint database. In our method, the triplets
need to follow the constraint below:
d(fi , fi+ ) + δ ≤ d(fi , fi− )

(1)

where d is a function to compute the Euclidean distance
between the fingerprints in a pair, and δ is the marginal value
to ensure the minimal gap between the distances in positive
pairs and those in negative pairs. The value of δ is simply set
to zero since it does not affect the performance of the proposed
method after experimental analysis.
Then, we design the triple loss function as follows:
L = Lpush + Lpull

(2)

where the first term Lpush is to push the fingerprints in the
negative pair far away to ensure that the distances of the

Fig. 3.

Illustration of the triple loss function

fingerprints in the negative pairs are larger than those in the
positive pairs.
The push term is expressed as:
∑

Lpush =

Lpush (fi , fi+ , fi− )

(fi ,fi+ ,fi− )

=

∑

[d(fi , fi+ ) − d(fi , fi− )]+

(3)

(fi ,fi+ ,fi− )

where the notation [z]+ = max(0, z) is the standard hinge
loss. The other term Lpull describes the distances of the
fingerprints in the positive pairs and is defined as follows:
∑
∑
Lpull =
Lpull (fi , fi+ ) =
d(fi , fi+ )
(4)
+
+
(fi ,fi )

(fi ,fi )

To better understand the triple loss function, we illustrate it
in Fig. 3. The loss function is used to measure the extent of
the violation of the constraint described in Equation (1) and
the gathering of the near fingerprints in the location space.
Then, minimizing the loss function means, for one fingerprint
fi , pushing all the fi− away and putting the all fi+ towards
fi .
Note that this triple loss function is inspired by the idea
of the large margin nearest neighbor (LMNN) [41]. However,
the original LMNN designs the triple loss with the category
information which is a discrete value, while our triple loss
is constructed according to the continuous location distance.
Although the locations of the RPs are discrete, the locations
are expressed in coordinates that have continuous values.
Thus, the location distance for the construction of positive and
negative pairs is defined as a continuous value. Besides, the
objective of constructing the triple loss function is different.
The LMNN aims to improve the classification accuracy by
pulling the pairs of the same class closer and pushing the
others farther. Our method aims to enhance the localization
accuracy by pulling the pairs with short location distance
together and pushing others away.
C. Model Optimization
The purpose of the model optimization process is to learn
the mapping function by minimizing the loss function. The
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The process of the regression forest learning at one iteration

function is then used to extract the RSSI feature from the raw
data in both online and offline stages. To learn the mapping
function ϕ, the triple loss function is reformulated as follows:
L(ϕ) = Lpush (ϕ) + Lpull (ϕ)
∑
=
[d(ϕ(fi ), ϕ(fi+ )) − d(ϕ(fi ), ϕ(fi− ))]+
(fi ,fi+ ,fi− )

+

∑

ϕT (fi ) = fi +
(5)

d(ϕ(fi ), ϕ(fi+ ))

(fi ,fi+ )

where ϕ(fi ) is the RSSI feature by applying the mapping
function ϕ on the raw fingerprint fi . We propose the GBRF
method, which is extended from the gradient boost regression
tree (GBRT) [42], to learn the mapping function ϕ. Different
from the GBRT, which uses the regress tree to fit the residual,
the proposed GBRF uses a forest combining multiple trees to
fit the gradient vector. The relationship between GBRT and
GBRF is visualized in Fig. 4. The RSSI feature is updated by
the following formula:

ϕt (fi ) = ϕt−1 (fi ) + αt ∗ Ht (fi )




ϕ0 (fi ) = fi
(6)

∂Lt−1


H
(f
)
≈
 t i
∂ϕt−1 (fi )
where Ht (fi ) is a forest for the approximation of the gradient
of ϕt−1 (fi ) and αt is the learning rate at t time. We define
ϕ0 (fi ) as the raw fingerprint fi .
The regression forest Ht consists of a set of trees, each
of which is only used for the regression of one dimension of
t−1
. The learning process of Ht is shown
the gradient ∂ϕ∂L
t−1 (fi )
in Fig. 4. Firstly, based on the triple loss Lt−1 , we compute
t−1
according to the method in [43]. For
the gradient ∂ϕ∂L
t−1 (fi )
simplicity, the gradient is denoted as gi . Then, we utilize the
regression tree to fit each dimension of gi . The tree can be built
with any commonly-used implementation, such as CART [44],
to minimize the regression loss, namely
hd = arg min

where gi,d is the d-th dimension of gradient gi . hd (fi ) is the
regression tree to fit the d-th dimension of gi taking the raw
fingerprint fi as the input. Finally, we combine all the trees
together to form the regression forest Ht = {h1 , h2 , ..., hD }
at t time.
We use the combination of multiple forests with corresponding learning rates to express the mapping function. To maintain
the decline of the loss function, we propose an adaptive
method to learn αt . Initially, we set the value of α1 to a certain
value, and compute the L0 based on ϕ0 (fi ), which is set as
the raw RSSI. Then, we obtain the forest H1 by constructing
the regression trees as illustrated in Fig. 4. The initial RSSI
feature ϕ1 (fi ) is updated using Equation (6) together with α1 .
To test the validness of α1 , we compute the L1 and compare
it with L0 . If L1 is larger than L0 , we reduce α1 by half
until L1 is smaller than L0 . After that, the next learning rate
α2 is obtained by increasing the previous learning rate α1
by 10 percent for slightly faster convergence. This process is
repeated until all the regression forests are constructed. With
the constructed regression forests and learning rates of all the
iterations, the final RSSI features are extracted from the raw
data by the following equation:

N
∑
i=1

||gi,d − hd (fi )||

2

(7)

T
∑

αt Ht (fi )

(8)

t=1

where T is the number of the iterations, which is set empirically. The effect of T on the positioning performance is
analyzed in Section V-E. Note that we replace ϕ0 (fi ) with fi
in Equation (8) as described in Equation (6). The process of
the model optimization is illustrated in Algorithm 1.
D. Online Localization
Before conducting online localization, the fingerprints are
transformed by the mapping function into RSSI features
ϕT (F ) = {ϕT (f1 ), ϕT (f2 ), ·, ϕT (fN )}. This operation is offline and has no impact on the efficiency of online localization.
In the online stage, we also transform the online RSSI fon
to RSSI feature ϕT (fon ) with the mapping function as follows:
ϕT (fon ) = fon +

T
∑

αt Ht (fon ).

(9)

t=1

Based on ϕT (fon ) and transformed fingerprint database
{ϕT (F ), P }, the online location can be estimated by the
typical WKNN method. In our method, we compute the
weights of the candidate NNs using the distance of RSSI
features and the gaussian kernel, which is defined as:
wi = e−d(ϕT (fon ),ϕT (fi ))

(10)

where wi is the weight of ϕT (fi ) for the online RSSI feature
ϕT (fon ). Then the location is estimated using the weighted
mean of the coordinates of the candidate NNs. Different from
the traditional WKNN method, which uses the raw RSSI to
determine the NNs and corresponding weights, our method
uses the RSSI feature instead to obtain a more accurate
location estimation.
The localization process is illustrated in Algorithm 2. As we
can obtain the ϕT (F ) in advance, our online process only takes
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Input: Fingerprint database {F, P } ;
Number of iterations T ;
Initial learning rate α1 ;
Output: Regression forests {H1 , . . . , HT };
Learning rates {α1 , . . . , αT };
begin
Determine all the RSSI triplets (fi , fi+ , fi− ) by the
threshold ε and P
Set the initial RSSI feature ϕ0 (fi ) = fi ;
for t = 1 to T do
t−1
Compute the loss Lt−1 and the gradient ∂ϕ∂L
t−1 (fi )
t−1
Build the forest Ht to fit ∂ϕ∂L
using
t−1 (fi )
Equation (7);
Update ϕt (fi ) = ϕt−1 (fi ) + αt ∗ Ht (fi ) ;
Compute the loss Lt ;
while Lt > Lt−1 do
αt ← αt /2;
Update ϕt (fi ) = ϕt−1 (fi ) + αt ∗ Ht (fi ) ;
Compute the loss Lt ;
end
αt+1 ← αt ∗ 1.1;
end
Return {H1 , . . . , HT }, {α1 , . . . , αT }
end

P

Algorithm 1: Model optimization by the GBRF and
adaptive learning rate

Fig. 5.

The floor plan where experiments were conducted
TABLE II
DATASET I NFORMATION
Value

Attribute
Area
Number
Number
Number
Number
Number
Number

of
of
of
of
of
of

RPs
fingerprints
online RSSI
APs
smartphones
participants

4959 m2
543
8145
4874
384
2
3

V. E XPERIMENTS
Algorithm 2: WKNN Localization with RSSI features
Input: Transformed fingerprint database {ϕ(F ), P };
Regression forests {H1 , H2 , . . . , HT };
Learning rates {α1 , α2 , . . . , αT };
Online RSSI vector fon ;
Number of candiate NNs K;
Output: Online location pon ;
1 begin
2
Obtain the online RSSI feature
T
∑
ϕT (fon ) = fon +
αt Ht (fon );
t=1

3

4

Find K NNs {N N (1), N N (2), . . . , N N (K)} in the
transformed fingerprint database;
Compute weights wN N (i) = e−d(ϕT (fon ),ϕT (fN N (i))) ;
K
∑

5

Predict the location pon =

wN N (k) ∗pN N (k)

k=1
K
∑

;
wN N (k)

k=1

6
7

end
Return pon ;

the extra time for the transformation of fon compared with
the traditional WKNN methods. Therefore, the computational
complexity of our method is only related to the scale of the
fingerprint database and the same as the conventional WKNN
methods.

In this section, we evaluate the proposed method through
experiments. We firstly describe the detail of the used dataset
that was collected in a complex indoor environment. Then,
we compare the proposed method with popular Wi-Fi fingerprinting localization methods to show the effectiveness of our
method. The effects of different parameters on the performance
of the proposed method are analyzed, including tree depth,
location distance threshold, and fingerprint dimension. The
computational cost of the proposed method is also analyzed.
A. Experiment Setup
Our dataset was collected on the second floor of a typical
museum environment. The floor plan is shown in Fig. 5. The
area size of the experimental environment is 87×57 m2 . This
environment contains the regions of open spaces and irregular
shapes, which may increase the complexity of wireless signal
propagation.
To build the fingerprint database, we first divide the floor
plan into a grid of cells with a size of 1m and collect
fingerprints at the center of each cell, which is considered
as a RP. An Android App is developed to collect the RSSI
from visible APs. Two smartphones (one Galaxy Note 4 and
one Nexus 6) were used and three participants took part in
the experiments. The fingerprints were collected by standing
at the RPs with the smartphone holding in hand.
There are 384 APs in total deployed in the environment
and 543 reference points are obtained. In total, 8145 fingerprints were collected to evaluate the proposed method. Each
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TABLE III
P ERFORMANCE C OMPARISON
Methods

Mean Error (m)

Standard Deviation

Coverage Distribution [45]
Weighted Centroid [46]
Coverage Pointwise [47]
Log-Gaussian [48]
Hybrid Kernel [49]

10.40
9.10
6.33
6.01
5.42

6.93
5.21
4.64
4.52
4.14

Raw RSSI + WKNN
RSSI feature + WKNN

4.51
3.15

3.93
2.79

Fig. 7.

Fig. 6.

CDF of our method and the state-of-the art methods

fingerprint is a vector that has a size of 384 equal to the
number of APs. If an AP is not presented in a fingerprint,
the element in the vector corresponding to that AP is set to
0. The remaining valid values (corresponding AP presented in
the vector) are transformed into positive values by subtracting
them to the minimum of RSSI in the database. Table II shows
the details of the dataset. After several days, we collected the
RSSI vectors from multiple trajectories as the online data to
evaluate the proposed method. The participants were required
to walk at the uniform speed along the predefined paths in
the indoor environment with the smartphone holding in hand.
The locations of the online vectors were obtained using the
markers placed along the walking path and are different from
RPs. The total number of online fingerprints is 4874.
Before training the model, we preprocess the raw RSSI data
as follows. First, the valid values of raw RSSI are subtracted
by the minimum in the dataset to ensure that all the values are
positive. Then the value of receiving no signal is set to 0. After
that, we use the PCA [24] method to reduce the dimension of
preprocessed fingerprints to 50. Note that we also reduce the
dimension of the online RSSI vector to 50 before extracting
the RSSI feature. The effect of the dimension of fingerprints
will be discussed in Section V-D. The number of iterations,
which equals the number of regression forests, is set to 1000.
B. Performance Evaluation
To demonstrate the superiority of the proposed method, we
compare the proposed method with the state-of-the-art meth-

Localization error of different number of NN K in online stage

ods [46], [48], [47], [45], [49] based on our implementation.
In this section, we set the tree depth as 6 and the location
distance threshold ε as 2 meters.
Before we conduct the experimental comparison, we introduce the compared methods briefly. Weighted centroid [46]
uses RSSI as the weights to compute the centroid of the
locations of APs that is considered as the estimated location.
Log-Gaussian method [48] applies the fingerprint clustering
method by penalized logarithmic Gaussian distance metric and
estimates the likelihood of the online RSSI to determine the
location. Coverage-based methods [45], [47] use the coverage
areas, which can be defined by pointwise maps or distributions
of difference APs, to determine the location of the online RSSI
by the valid values. Hybrid Kernel [49] method introduces a
classification process with a c-support vector machine on the
measurement-label set and a regression process with kernel
learning on the measurement-position subset to determine the
location. Moreover, we also use the raw RSSI with our online
localization process to estimate the locations for comparison,
which is denoted as Raw RSSI + WKNN. While our method is
denoted as RSSI feature + WKNN. The number of candidate
NNs (namely K) for both methods is set to 5 for WKNN.
Table III shows the mean error of the proposed method
and the state-of-the-art methods on our dataset. The results
indicate that our method achieves the smallest localization
error of 3.15m and the standard deviation of 2.79m, which
significantly outperforms the state-of-the-art methods. The
specific comparison is shown by the cumulative distribution
function (CDF) in Fig. 6. It can be seen that the proposed
method can achieve a localization error of 5 meters with more
than 80% confidence, which is much higher than the Raw
RSSI + WKNN (around 70%) and other methods (lower than
50%).
As the number of the candidate NNs has an impact on
the localization error for the WKNN-based localization, we
analyze the impact of K on the performance to show the
effectiveness of our RSSI feature compared with raw RSSI.
As shown in Fig. 7, it is obvious that the localization error for
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Fig. 8. Impact of the location distance threshold ε with different number of
NN K

8

Fig. 10.
depths

The loss curves of the optimization process under different tree

proposed method decreases with an increase of K. And the
value of ε also affects the achieved localization error. The
smallest localization error is witnessed when the value of ε is
2 meters, increasing or decreasing which will lead to a larger
localization error. This may because when ε is too small, the
number of positive pairs may be very limited and can not be
used to learn an effective mapping function by optimizing the
ranking model. While if ε is too large, two fingerprints would
be combined into a positive pair even they are far away from
each other in location space. This will also lead to a large
localization error.

D. Impact of Fingerprint Dimension
Fig. 9. Impact of the RSSI dimension reduced by PCA with different number
of NN K

both methods declines with the increase of K until the value
of K equals 5, after which the proposed method continues
to witness a slight decrease in the localization error while
the Raw RSSI + WKNN remains unchanged before a slight
increase. It is also obvious that the proposed RSSI feature
performs much better than the raw RSSI no matter what value
the K is.
C. Impact of Location Distance Threshold
The location distance threshold ε is used to determine positive and negative pairs, which are essential for the construction
of the ranking model and affect the mapping function learning.
This would further affect the localization error achieved by the
proposed method. Therefore, we evaluate the proposed method
under the ε taking each value in {1.5, 2, 2.5, 3, 3.5, 4} in order.
Fig. 8 shows the mean localization errors of the proposed
method using different values of ε under the different number
of candidate NNs (K). Generally, the localization error of the

The dimension of fingerprints is reduced by the PCA in
the preprocessing step before optimizing the model for online
localization. The reduced dimension affects the remaining
information of fingerprints compared with the original one and
results in varying localization errors. We analyze the impact of
the fingerprint dimension on the proposed method under the
dimensions ranging in {10, 30, 50, 100, 150, 200, 300, 384}.
Note that 384 is the same as the dimension of the fingerprint
before PCA.
Fig. 9 gives the achieved localization errors with varying
dimensions of fingerprint under different number of NN. It
indicates that the localization errors drop obliviously when
the dimensions are smaller than 50. The reason might be
that some useful information is lost when the dimension is
too small. However, the localization error witnesses a slight
decrease when increasing the remaining dimension from 50 to
384. The reason might be that the dimensions of larger than
50 may result in the little loss, which causes a slight difference
in the localization errors. As the smaller dimension is more
efficient for the online localization, we reduce the dimension
of the fingerprint to 50 by PCA in our method.
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Fig. 11. The localization error curves of the optimization process under
different tree depths

Fig. 13. Computational cost of the proposed method with different tree
depths (for online localization at one time)

Fig. 12. Localization error of the proposed method with different tree depths

Fig. 14. Computational cost of different methods (for online localization at
one time)

E. Impact of Tree Depth

this study. Fig. 11 indicates the results under varying iterations.
The localization errors drop quickly until the iteration reaches
around 1000. After that, the localization errors with varying
tree depths either start to diverge or continue to decrease
slightly before diverging. This can be attributed to the overfitting problem of the models caused by too many iterations.
Generally, the models with shallow trees reach the minimum
error slower than the models with deeper trees. This might be
because the models with shallow trees are more difficult to fit
the gradient precisely to achieve the minimum error. However,
deeper trees will increase the computational cost for extracting
RSSI features from raw data, as shown in Fig. 13. Therefore,
we set the depth to 6 and the iteration as 1000 in this study to
balance the localization accuracy and computational efficiency.

The tree depth affects the convergence speed of the optimization process, the computational cost of extracting RSSI
features from raw data, and the localization error. Fig. 10
shows the impact of tree depth on the convergence speed of
the loss in the optimization process. It indicates that the loss
converges at a faster speed when using deeper trees. However,
increasing the tree depth will not significantly accelerate the
convergence when the depth reaches up to 5. This may because
the regression forest with trees of a depth of 5 can fit the
gradient well and deeper trees will make a little contribution
to the optimization.
We also show the impact of tree depth on the localization
error in Fig. 11 and 12. From Fig. 12, we can see that the tree
depths do not affect the mean localization error significantly
and the mean error for different tree depths is between 3.2m
and 3.4m. The smallest mean localization error is witnessed
when the tree depth is 6, which is used the default tree depth in

F. Computational Cost Comparison
We compare the computational cost of the proposed method
with the other state-of-the-art methods, including the raw RSSI
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+ WKNN, coverage pointwise, coverage distribution, weighted
centroid, and log-Gaussian methods. We test these methods
with the same online RSSI vectors on a laptop that is equipped
with an Intel(R) Core(TM) i5-8800 CPU (2.80 GHz) and 16GB memory. Experimental results are shown in Fig. 14. It can
be seen that our method consumes about 70ms to compute the
localization result of one online RSSI, which is slightly less
than the coverage pointwise method, and significantly less than
the coverage distribution, weighted centroid, and log-Gaussian
methods. The raw RSSI + WKNN method has the smallest
computational cost (around 20ms), which is smaller than the
proposed method because it does not require to compute
RSSI features. As most modern smartphones have relatively
powerful computing capacity, the computational cost of the
proposed method is negligible and the time delay can meet
the demand of most real-time localization applications.
VI. C ONCLUSION
In this paper, we propose a novel Wi-Fi fingerprinting localization method. By learning a non-linear mapping function
that transforms raw RSSI data into RSSI features, we improve
the localization accuracy by more than 30% over the state-ofthe-art methods. The proposed method can be used not only
for indoor localization but also for activity recognition and
other applications. In the future, we will explore new methods
to quickly collect the fingerprints without or with litter human
effort and to evaluate the quality of crowdsourced data.
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