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ABSTRACT The fingerprint positioning has achieved remarkable results in indoor localization tasks, but
the method usually relies on a large amount of fingerprint data to build a fingerprint database, and the
amount and diversity of fingerprint data will directly affect the effectiveness of fingerprint positioning. Since
fingerprint acquisition is limited and disturbed by space and time, it consumes a lot of labor and time costs
to collect fingerprint data in the localization environment, and wireless fingerprint data is time-sensitive and
environment-dependent, and changes in the localization environment will reduce the usability of the existing
fingerprint database. The complex and repetitive fingerprint acquisition work seriously affects the feasibility
of practical deployment of fingerprint positioning systems in the positioning environment. Therefore, the
study of low-cost wireless fingerprint database construction methods has become an inevitable part of
promoting the widespread deployment of indoor fingerprint positioning systems. In this paper, we introduce
the traditional data augmentation-based approach and the advanced machine learning model-based approach,
systematically presenting the underlying models and algorithms of both. The former reviews the application
of two traditional data enhancement methods, namely channel propagation models and interpolation or
regression, to the construction of low-cost wireless fingerprint databases, while the latter taps into techniques
for reducing the cost of fingerprint database construction by combining generative adversarial networks and
small-sample learning models with the indoor localization domain. Finally, we discuss the current challenges
and future research directions for achieving high-performance indoor localization based on low-cost wireless
fingerprint databases, and suggest some useful research guidelines.

INDEX TERMS Indoor fingerprint location, wireless sensor network, data augmentation, machine learning.

I. INTRODUCTION
As an important part of indoor location services, indoor posi-
tioning is an important foundation for applications such as
indoor navigation, security monitoring, and emergency dis-
aster relief [1], [2]. With the emergence of high-performance
and highly generalized positioning requirements, among
many indoor positioning technologies, fingerprint posi-
tioning has been favored by researchers due to its
high positioning accuracy, low equipment cost and easy
deployment [3], [4], [5], [6].

Fingerprint-based indoor localization systems generally
rely on a wireless local area network (WLAN) deployed in
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the localization environment, which usually consists of two
phases: offline phase and online phase [7]. The offline phase
usually collects received signal strength (RSSI) or channel
station information (CSI) at each reference point(RPs) as fin-
gerprints to build a fingerprint database [8], [9], [10] and train
a classification model for the online phase; the online phase
collects real-time data and compares it with the fingerprint
database to obtain predicted device location information for
localization.

The localization effect of fingerprint localization system
mainly depends on the matching degree between the fin-
gerprint to be located and its real location fingerprint, and
the diversity and quantity of fingerprint data collected in the
offline phase will significantly affect the localization accu-
racy of fingerprint localization system [11], [12]. Properly
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setting fingerprint points, collecting high-quality fingerprint
data and correctly marking location information are the
prerequisites for fingerprint-based localization methods to
achieve high-precision localization results. Fingerprint local-
ization accuracy usually increases with the number of finger-
print points, but as the distance between fingerprint points
becomes smaller, the gain in localization accuracy due to
the increase in the number of fingerprint points will slow
down, and the localization accuracy will gradually improve
with the increase in the number of fingerprint samples col-
lected at each fingerprint point [13], and a larger finger-
print data set will produce more satisfactory results than a
smaller data set [14], [15]. However, the workload to collect
a complete offline fingerprint dataset in the field and to
label it correctly will increase geometrically with the number
of preset fingerprint points in the localization scene [16],
and as coarse-grained information, the time sensitivity and
environmental dependence of the wireless signal will cause
the collected fingerprint data to fluctuate due to the multi-
path effect in indoor environments, in complex scenes with
dense and changing environments, thus leading to signifi-
cant differences between the offline fingerprint database and
online data distribution [17], [18], which seriously affects the
performance of fingerprint localization systems. Therefore,
in order to achieve high-precision indoor positioning effects,
a large amount of fingerprint data needs to be repeatedly
collected many times at the same fingerprint point located
under different spatial and temporal conditions, which greatly
increases the complexity and labor cost of widely deployed
indoor fingerprint positioning systems and seriously hinders
the popularity and application of indoor fingerprint position-
ing systems [19].

Spatial and temporal constraints and perturbations on fin-
gerprint acquisition make it difficult to collect sufficient
and uniform amounts of fingerprint data under different
spatio-temporal conditions and densely deployed fingerprint
points, leading to many challenges in achieving highly accu-
rate and robust fingerprint localization methods [20], [21]:
a) Densely deploying fingerprint points and collecting
large amounts of marker data is both time-consuming and
labor-intensive. b) Dynamic changes in the localization
environment can lead to differences between the online fin-
gerprint distribution and the fingerprint database, requiring
multiple repetitions of fingerprint data acquisition under mul-
tiple spatial and temporal conditions. c¢) Fingerprint data
are environment-specific, and when the localization environ-
ment is changed, data acquisition needs to be repeated in
the new environment. In response to the above challenges,
studying how to build a wireless fingerprint database at
low cost to achieve high accuracy and robust localization
is an important way to reduce the labor and time costs
required for fingerprint data collection for indoor position-
ing and to improve the feasibility of practical deployment
of fingerprint positioning systems in multiple positioning
scenarios.
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FIGURE 1. A taxonomy of Efficient use of fingerprint data methods.

In this paper, we aim to provide theoretical support and
directional guidance to address the above challenges by out-
lining and summarizing existing methods for building wire-
less fingerprint databases at low cost. As shown in Figure 1,
we review the classical channel propagation models, interpo-
lation or regression to achieve fingerprint data augmentation,
which use fingerprint data collected from actual fingerprint
points to generate virtual fingerprint point data for fingerprint
database expansion. In addition, we introduce the application
of two advanced machine learning models, generative adver-
sarial networks and few-shot learning. We will also discuss
the future direction of studying how to build a wireless fin-
gerprint database at low cost to support the deployment of
high accuracy and highly robust localization systems. The
rest of this paper is organized as follows. Section II details
the application of two traditional data enhancement methods,
channel propagation model and interpolation or regression,
to expand fingerprint data points in fingerprint localization.
Section III details the application of two advanced machine
learning models, generative adversarial network coupling and
small sample learning, to improve fingerprint data utilization
in fingerprint localization. Section IV concludes the whole

paper.

Il. BASIC DATA AUGMENTATION METHODS

Fingerprint positioning methods are favored by researchers
in the field of indoor localization; however, fingerprint local-
ization relies heavily on the amount of fingerprint data and
the density of fingerprint points to achieve high robust per-
formance, and therefore deploys as many fingerprint points
as possible in a large scale during the fingerprint data acqui-
sition phase [4]. Unfortunately, in practice, some locations
in the localization scenario may be inaccessible or restricted
by obstacles, making it difficult to deploy fingerprint points
(RPS) densely and regularly throughout the region [22], and
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the time and labor cost required for acquisition increases with
the size of the environment, the number of fingerprint points,
and the amount of data collected per fingerprint point [23].
Although reducing the density of fingerprint point deploy-
ment and the number of fingerprint data collected can reduce
costs, it can lead to rapid performance degradation of the
fingerprint localization system and significant reduction in
localization accuracy as the number of fingerprint points
decreases beyond a threshold [13]. Some researchers have
investigated the generation of virtual fingerprints by two
traditional means of data enhancement: 1) locally weighted
interpolation of the initial measurement set and 2) indoor
channel propagation modeling by computing scene-specific
propagation parameters. In these studies fingerprint points are
divided into real and virtual points, where real points are the
points where fingerprint data are collected in the offline phase
in fingerprint localization methods, while virtual points are
fingerprint points and fingerprint data automatically gener-
ated based on fingerprint data from the above two methods
and real points. These studies artificially increase the number
of “fingerprint points” without adding additional acquisi-
tion costs. Using traditional data augmentation techniques to
generate virtual fingerprint data is an effective way to build
fingerprint database at low cost, which can enrich fingerprint
database information, achieve intensive fingerprint coverage
degree, reduce the cost of intensive fingerprint acquisition,
and provide an effective way to solve the difficult prob-
lem that it is costly and difficult to collect fingerprint data
from densely deployed fingerprint points. In this section,
we present the positioning methods based on 1) channel prop-
agation model; 2) interpolation or regression, two traditional
data enhancement means to achieve low-cost construction of
wireless fingerprint database.

A. METHOD BASED ON CHANNEL PROPAGATION MODEL
In indoor environments, wireless signal transmission is
affected by factors such as multipath interference, shadowing
effect, power fading, and transmission delay [24], [25]. It has
been shown that various obstacles such as walls and homes
existing between wireless signal transceivers in the local-
ization scenario can cause multipath fading and shadowing
effects by absorbing, reflecting, scattering, and diffracting
resulting in wireless signal power attenuation [26], therefore,
the complexity and limitations of indoor environment and
obstacles should be fully considered when modeling channel
propagation, combining elements such as path fading, scatter-
ing, refraction, and reflection for modeling. Typical channel
propagation models include

1) INDOOR GENERAL PROPAGATION MODEL
L(d) = L + 10 x ng x log;o(d) + FAF (1

The model can be used in a typical indoor environment, where
L denotes the path loss per unit distance of wireless signal
transmission in free space, ny denotes the loss factor of the
same layer, FAF denotes the additional value of loss due to
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multipath, and d denotes the distance between the transmitter
and the receiver. This model does not consider the obstacle
distribution in the actual space, only the environmental path
loss information is needed, and the average path loss and the
related shadow fading statistics are used to characterize the
indoor path loss.

2) CHAN PROPAGATION MODEL
L=L,++Lw 2)

The model is applicable to indoor wireless signal strength
prediction, where L denotes the path loss of wireless signal as
it propagates indoors, L, denotes the path loss of the wireless
signal as it propagates in free space, and Ly denotes the loss
of wireless signal as it penetrates obstacles such as walls.

3) LOSS FACTOR PROPAGATION MODEL
L(d) = L +201log(d) + ad + FAF 3)

For a complex indoor environment, the indoor path loss is
equal to the free space loss plus the loss factor and increases
exponentially with the distance between the transmitter and
the receiver. Where L is the path loss per unit distance of
wireless signal transmission in free space, « is the attenua-
tion constant of the channel in unit dB/m, d is the distance
between the transmitter and the receiver, and FAF denotes
the loss additive caused by multipath.

4) KEENAN-MOTELY PROPAGATION MODEL

d ! ’

L =L (dp) +201og (d_o) + ;ijij + ;NFiLFi 4
The model is suitable for simulating complex indoor path loss
with multiple walls on multiple floors, where d is the distance
between transmitter and receiver, N,; and Np; denotes the
number of signals passing through different types of walls
and floors, respectively, L,,; and Lg; correspond to their loss
factors, and j and i denotes the number of types of walls and
floors, respectively.

The fingerprint positioning method based on channel prop-
agation model can effectively reduce the cost required to
collect fingerprint data to build a complete data set by using
a small amount of measured real fingerprint data to construct
a wireless signal propagation model based on full considera-
tion of the building information and environmental layout of
indoor scenes.

As shown in Table 1, in order to reduce the cost and
shorten the fingerprint data collection time in the offline data
collection phase of fingerprint localization, some studies have
used channel propagation models to generate fingerprint data
information to expand the fingerprint database and enhance
the feasibility of fingerprint localization system deployment.
In 2000, [13] proposed to generate fingerprint data using a
path loss model to train log distance path using the actual
measured fingerprint data at RPS loss model parameters to
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TABLE 1. Low-cost indoor location method based on channel
propagation model.

Ref Year Parameter and Position interpolation Scene
Technology error(m)  errors(dBm) (m?)
[13] 2000 RSSI, NIC 43 9.82 43.5%22.5
[36] 2006 RSSI, WIFI 1.7 x 16*10
[37] 2010 RSSI, WIFI 3 x 27*18
[29] 2013 RSSI, WIFI 34 3.7 15*60
[34] 2016 RSSI, WIFI 1.25 x 6*6
[35] 2017 RSSI, WIFI 3.42 x 20*30
[32] 2017 RSSI, WIFI 391 431 85*76
[30] 2019 RSSI, WIFI 2.95 3 211*2.4
[31] 2019 RSSI, WIFI 1.44 <3 23*11

X : not covered in the article

generate RSSI fingerprint data at locations where RPS is not
set in the localization scenario, and thus construct a complete
fingerprint database. RSSI fingerprint data with an average
error of 9.82 dBm was generated in a localization environment
of 43.5m x 22.5m. Due to the complexity of indoor envi-
ronment, the propagation model has difficulty in accurately
predicting signal fading and multipath effects, resulting in
poor localization based on generated fingerprints compared
to measured fingerprints [27], [28]. In order to improve
the accuracy of fingerprint generation, [29] expanded the
measurement database using a path loss model that consid-
ers multi-wall fading and used the number of walls spaced
between access points(APs) and RPs as one of the parameters
of generated fingerprint data, and the average error between
the generated virtual RSSI and the real value was 3.7dbm.
achieving a localization accuracy of 3.4m in a complex indoor
area of 15m x 60m. However, the method requires a priori
knowledge of the structure and layout of the localization envi-
ronment as support. Based on the area-based approach, [31]
proposed a method that does not require the environment
layout and the number of walls as a priori knowledge, sets dif-
ferent path loss parameters for each area, and generates RSSI
fingerprint data for different areas by combining the structural
characteristics of indoor areas and the environmental impact.
In the complex positioning environment of 23m x 11m, the
virtual RSSI fingerprint with average error less than 3 dBm
were generated,and a localization effect with an average error
of 1.44m was achieved.In [32], an adaptive model parame-
ter configuration algorithm was developed to determine the
optimal parameters of the channel propagation model with
limited fingerprint data, and a probabilistic method was used
to calculate the accuracy of the estimated RSSI prediction
values in the localization environment.In the localization
scenario of 85m x 76m, RSSI fingerprints with an average
error of 4.31 dBm are generated, and a localization accu-
racy of 3.9m is achieved based on expanding the fingerprint
library.Also to improve the fingerprint localization accuracy,
a scheme to build virtual RPs in the localization environment
using a signal propagation model is proposed in [33], which
is applied to achieve almost the same localization accuracy
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with 33% less fingerprint point deployment, however, this
technique requires additional hardware deployment in the
localization area. Reference [30] proposes a fast fingerprint
database construction method using adaptive path loss model
interpolation, which reduces the workload and construction
time by 85%. [34] proposed a virtual fingerprint construction
scheme based on a smart antenna system to rapidly construct
fingerprint databases with a logarithmic path loss model,
reduce the localization error by an area-based remediation
algorithm, and achieve an average error of 1.25m in a 6m x
6m localization environment. Reference [35] improved the
quality of fingerprints by including the path loss index as part
of the construction of fingerprints along with the RSSI values
collected or predicted for each RPs.

The above-mentioned methods based on channel propaga-
tion models use the actual fingerprint information measured
at real points to calculate the environmental loss factor of the
wireless signal propagation in a given scenario and estimate
the fingerprint information at virtual points. Although such
methods can reduce the time and labor cost required for
intensive fingerprint collection, their localization accuracy
is limited by the degree of prediction and number of signal
sources, and the complexity of the localization scenario. With
the increase of obstacles (walls, floor slabs) in the localiza-
tion scene, the signal fading factor calculated by the signal
propagation model will no longer be able to comprehensively
and accurately characterize the effects of multipath effects,
shadow fading, and other factors on wireless signal prop-
agation, and the resulting model is difficult to predict the
detailed signal fading and propagation patterns in complex
indoor electromagnetic environments. At the same time, the
resolution of constructing a channel propagation model to
generate virtual point fingerprint information also depends
on the number of sources of wireless signals used to con-
struct the signal model, and the number of sources deployed
in a building can seriously affect the positioning accuracy.
In addition, the signal fading factor and the additional value
of wireless signal loss measured and calculated by these
methods during the construction of the channel propagation
model are scenario-specific and can only achieve effective
localization in the scenario where the model is constructed,
but cannot be efficiently deployed in other scenarios, and
the localization system is not robust. To overcome these
problems, researchers have investigated the use of interpola-
tion or regression to generate virtual point fingerprint data,
which reduces the dependence on the number of APs and
alleviates the degradation of localization accuracy caused by
the complexity of scenes.

B. METHODS BASED ON INTERPOLATION OR
REGRESSION

As the complexity of indoor scenes increases, there are many
indoor objects and complex layout, and the scenes cover a
wide area, it is difficult to deploy RPS uniformly in high den-
sity to collect fingerprint data and the collection cost is high.
Based on interpolation or regression methods, fingerprint
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points are sparsely deployed and fingerprint data are collected
in the location scene, and the distribution information of
wireless signals in the unknown area is estimated as finger-
print data based on the distribution of wireless signals at the
sparse fingerprint points, so as to quickly build a complete
fingerprint database and reduce the cost of intensive finger-
print collection, typical interpolation or regression methods
include.

1) LINEAR INTERPOLATION

The linear interpolation method can be considered as the
simplest method for predicting the data values of uncollected
points. Its principle is based on the estimation of the measured
values between two sampled points in the neighborhood of
the unsampled points, and the predicted interpolation of the
unsampled points is only related to the measured values of the
two sampled points, which can be calculated by the following
equation (5).

Zo =wiZi +waZp (5)

where, Zy denotes the prediction interpolation of the uncol-
lected points, Z; and Z denote the two sampled point mea-
surements in the neighborhood of Zj respectively, and W; and
W, denote the linear interpolation weights.

2) INVERSE DISTANCE WEIGHTED (IDW)

Inverse Distance Weighted (IDW) interpolation is a local
deterministic interpolation technique that assigns a value to
an unsampled point by a distance-weighted average of the
values at the sampled points in the neighborhood of the
unsampled point.IDW assumes that sampled points that are
closer to the unsampled point have a greater impact on the
value of the unsampled point than sampled points that are far-
ther away, so the predicted interpolation is calculated as (6).

i1 Z dl_e
—
S
where Zj denotes the predicted value of the unsampled point,
Z; denotes the collected value at sample point i, d; denotes
the distance between sample point i and the unsampled point,
s denotes the number of sampled points in the neighborhood

of the unsampled point, and 6 denotes the distance-weighted
control parameter.

Zy = (6)

3) KRIGING INTERPOLATION

Krieger interpolation is similar to IDW in that it also weights
the measurements of sampled points around the unsampled
points to obtain a predicted interpolation of the unmeasured
locations. However, in kriging interpolation, the weights are
not only related to the distance between sampled and unsam-
pled points, but are also influenced by the overall spatial dis-
tribution of sampled points. The kriging interpolation method
quantifies the spatial correlation between the sampled points
by a semi-variance function that is fitted to all sampled points
in the specified neighborhood of the unsampled points to
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TABLE 2. Low-cost indoor location method based on interpolation or
regression.

Spatial Ref Year Parameter and Position interpolation ~ Scene

interpolation Technology error(m) errors(dBm)  (m?)

methods

Inverse Distance  [41] 2012 RSSI, WIFI x 453 5%5

Weighting

linear [38] 2013 RSSI, USRP 5 x 30%30

interpolation [39] 2017 RSSI, WIFI X 3.9726 85*12
[40] 2022 RSSI, ZigBee 0.29 X 5*5

kriging [42] 2015 RSSI, WIFI <5 X 150*150

interpolation [43] 2016 RSSI, WIFI 1.265 2 27*8
[22] 2018 RSSI, iBeacon <3 <3 31%22
[44] 2020 RSSI, WIFI 2.86 X 120*245

cubic spline [28] 2018 RSSI, WIFI <2 x 49.4*14.1

interpolation

Regression [46] 2013 RSSI, WIFI <6 x 70*50
[48] 2020 RSSI, iBeacon 2.17 X 38*14
[47] 2021 RSSI, WIFI 3.94 3.66 50%36

X : not covered in the article

determine the weight coefficients of each sampled point, and
the predicted interpolation is calculated as (7).

N
Z (s0) = > MZ (si) @)

i=1

where Z (so) ) denotes the predicted interpolation of the
unsampled point Sy in the specified neighborhood, N denotes
the number of sampled points in the specified neighborhood
of the unsampled point sg, Z (s;) denotes the measured value
at the sampled point s;, and A; denotes the weighting factor to
be determined.

4) GAUSSIAN PROCESS REGRESSION

Gaussian process regression is a Bayesian nonparametric
regression method that predicts the observations at unsam-
pled points y (zo) from the posterior probability distribution
over the mapping function inferred from the measurements
at the sampled points. The process first assumes a Gaussian
prior distribution of the mapping function parameters and
updates the probabilities using Bayes’ theorem to model the
set of observations at N sampled points as a multivariate
Gaussian distribution, where the prior distribution is defined
by the mean function w(-)) and the covariance or kernel
function K (-, -)), so the Gaussian regression process can be
expressed as (8)

y(z0) ~ GPR[1u(-), K (-, - 0) | z0] ®)

where zp denotes the unsampled points to be interpolated
and 6 is the hyperparameter of the kernel function, which is
usually trained by maximizing the marginal log probability
using the training dataset.

As shown in Table 2, various methods of interpolation or
regression, such as linear interpolation, cubic spline interpo-
lation, kriging interpolation, inverse distance weighted inter-
polation, and Gaussian process regression, have been applied
to generate the complete fingerprint database.

Interpolation or regression is the process of estimating
missing values from a set of known values. Reference [38]
improved the accuracy, correctness, and robustness of finger-
print localization systems in complex environments by using
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linear interpolation to calculate fingerprint information for a
specific fingerprint point based on a set of neighboring finger-
print points using spatial correlation of neighboring locations.
Reference [39] studied the use of linear interpolation for
missing fingerprints to reduce the time required to create a
fingerprint database, and compared the RSSI generated val-
ues with the actual measured values with an average error of
up to 3.97dbm. Reference [40] used a relatively sparse RSSI
fingerprint dataset, applied a bilinear interpolation technique
to construct a generative database, and built a fingerprint
localization system based on the generative database with
an average localization error of only 0.29m in a Sm x 5m
localization environment.The basic idea of IDW is to provide
weights for data points based on their distances to the estima-
tion points. It is known that the closer the data point is to the
estimation point, the larger its weight is [31]. Reference [41]
used an adaptive smoothing algorithm to deal with RSSI
discontinuities due to the presence of interior walls, which in
turn generated a complete fingerprint database using the IDW
method. Kriging interpolation is a geostatistical method used
to make optimal spatial predictions at unobserved locations
and has some advantages over some other spatial interpola-
tion methods. References [42] and [43] used kriging inter-
polation to construct a complete interpolation database for
target localization based on sparsely collected fingerprint
data. Reference [22] used kriging interpolation to generate
RSSI fingerprint data in the region of undeployable finger-
print collection points to cover and enhance the entire finger-
print database, achieving a localization accuracy of less than
3min a 31m x 22m localization environment. Reference [44]
proposed a proximity relationship-based indoor localization
method under sparse fingerprint data, using kriging inter-
polation to enrich sparse fingerprint data, setting proximity
relationship boundaries to restrict fingerprint data genera-
tion to reduce fingerprint ambiguity and improve fingerprint
matching efficiency, achieving a localization accuracy of
2.86 m at an interpolation density of 1 m. Reference [46]
proposed a method to construct a generative database based
on Gaussian process regression, using both real and virtual
data, to improve the accuracy of the localization system.
Reference [47] applied regression techniques to analyze RSSI
signal features and generate virtual data to solve the richness
problem of fingerprint database. Reference [48] proposed
a fast fingerprint construction method based on Gaussian
process regression (GPR) to sparsely sample RSSI in space
to generate a full-space fingerprint database, while reduc-
ing outliers to improve fingerprint database reliability, and
achieved a localization accuracy of 2.17m average error in a
38m x 14m localization environment.

The above-mentioned interpolation or regression-based
methods use fingerprint data collected at real points to gen-
erate fingerprint information at virtual points, expanding the
density of fingerprint points in the localization environment
and increasing the richness of the fingerprint database, which
in turn increases the accuracy of fingerprint localization
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methods, while such methods can be rapidly deployed with
better robustness by only collecting fingerprint data at real
points in a new scene. However, there are still limitations
in these methods, as the interpolation or regression methods
only use local information to infer the wireless signal infor-
mation at the virtual point, and do not consider the effect
of global information. Moreover, the localization accuracy
of these methods is also affected by the deployment of real
points. Different distribution patterns of real points will gen-
erate different virtual fingerprint information and obtain dif-
ferent interpolation results, so whether the real points can be
deployed and information collected according to the optimal
spatial pattern will seriously affect the effectiveness of these
methods.

The methods of generating virtual fingerprints by tradi-
tional data enhancement means are all based on the fin-
gerprints of partial collection points to generate fingerprint
information of uncollected areas, and reduce the labor and
time costs by reducing the number of fingerprint collection
points. However, these methods can only reduce the number
of fingerprint points and generate virtual fingerprint points,
but cannot increase the number of samples for each finger-
print collection point. The fingerprint database constructed
by these methods is difficult to comprehensively cover the
fingerprint features under multiple spatial and temporal con-
ditions, and will differ from the online data distribution when
the localization environment changes dynamically, leading to
a decrease in localization accuracy. And for each real point,
the computation of collecting a large number of fingerprints
to support model construction, interpolation or regression still
takes a lot of time.

Ill. ADVANCED APPROACHES
Wireless signal strength (RSSI) or wireless channel state

information (CSI) is mostly used as fingerprint data in fin-
gerprint localization, however, as coarse-grained physical
layer information, wireless signal propagation is affected by
various factors such as multipath fading, temperature and
humidity variations, door opening and closing, furniture repo-
sitioning, and the presence and movement of people [49].
Due to these factors, RSSI and CSI are still highly variable
at fixed locations. Therefore, fingerprint localization systems
should have the ability to adapt to dynamic changes in the
localization scene and resist fluctuations in the online fin-
gerprint distribution caused by various factors. To offset the
channel variability caused by several propagation factors such
as fading, shadowing, and multipath effects, and to ensure that
the fingerprint database covers as much as possible the distri-
bution of fingerprint information in the location scene under
multiple spatial and temporal conditions, fingerprint data
from each fingerprint point needs to be repeatedly measured
several times when the environment and infrastructure of the
location scene and the density of people change. In addition,
when the positioning scene is changed, the changes in space
size, signal source location and number, and environmental
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layout will cause the fingerprint database of the old scene
to fail to match the fingerprint distribution of the new scene,
requiring a large amount of fingerprint data to be re-collected
in the new scene [50], which will consume a large amount
of labor and time costs, prolong the deployment cycle of the
fingerprint positioning system, and reduce the feasibility of
widespread deployment.

Advanced machine learning models have been used to
overcome these challenges by combining indoor localization
with artificial intelligence. Generative adversarial networks,
which are widely used for data augmentation, can both learn
the features of existing fingerprint data to expand the size
of the data base by generating virtual fingerprint point data
and generate fingerprint data from existing fingerprint points
to increase the diversity of fingerprint samples, significantly
reducing the labor cost required to collect fingerprints. The
few-shot learning network, which achieves better results in
few-shot classification tasks, achieves high-precision local-
ization results in new scenes with only a small amount of
collected data by reusing the complete data set of existing
localization scenes, reducing the time cost of fingerprint
collection required to redeploy the fingerprint localization
system for new scenes. In this section, two advanced machine
learning methods based on 1) generative adversarial networks
and 2) few-shot learning are presented to achieve efficient
localization methods using fingerprint data.

A. METHODS BASED ON GENERATIVE ADVERSARIAL
NETWORKS
Generative adversarial networks (GANs) have shown good
capabilities in generating various types of data as additional
measurements [51], [52], such as images, text, sound, etc.,
significantly reducing acquisition time and saving labor costs.
Generative adversarial network (GAN), inspired by game
theory, uses an adversarial dual network structure to estimate
the distribution probabilities of real data sets during training
and is a generative model consisting of a generator G and
a discriminator D. The underlying architecture is shown in
Figure 2 [53]. Where the generator G generates fake data as
close as possible to the probability of the distribution of the
real data during the training process, while the discriminator
D correctly distinguishes between real and fake data as much
as possible during the training process, so that when one
of the networks is optimized, the other one is improved as
well. The input of generator G is usually a random noise
vector z with uniform or normal distribution, and the network
through generator G maps the noise z to a new data space to
obtain fake data G(Z) with the same dimension as the real
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data. The discriminator D is a binary classifier that takes
the real data in the dataset and the fake data generated by
the generator G as input, and its output indicates whether the
input samples are real data or not. When the discriminator D
cannot determine whether the input samples are from the real
dataset or the generator G, the generative adversarial network
reaches its optimal state, when the generator model G can
already generate pseudo-data with the same distribution as
the real data.

As two important network structures in generative adver-
sarial networks, generator G and discriminator D have their
own loss functions J(© and J®), respectively. As a binary
classifier, the discriminator D has the following loss function
as (9).

1
- EIEXNP log D(x)

1
— 5E:log(1 = DG)) )

where x denotes the sample from the real data set, z denotes
the random noise vector input to generator G, G(z) denotes the
fake data generated by generator G, E denotes the expected
value, D(x) denotes the probability that discriminator D will
identify x as real data, and D(G(z)) denotes the probability
that discriminator D will identify the data generated by gener-
ator G as real data. The training goal of the discriminator is to
correctly distinguish whether the input samples are true data,
s0 JP) keeps D(G(z)) close to 0 during the training process,
while the goal of the generator G is to make its generated data
can be identified as true data by the discriminator D, so J (&)
keeps D(G(z)) close to 1 during the training process, so the
loss function of the generator is (10)

JO = —g® (10)

Therefore, the loss function of generating adversarial net-
work can be transformed by combining the conflict between
J©G and J® into (11).

Irgn mDax V(D, G) = Ex~pllog D(x)]
+ Evppllog(l — D(G(2)))]  (11)

During the training process, the network parameters in the
generator G are updated together with the network parameters
in the discriminator D. When the discriminator D cannot
determine whether the data generated by the generator G is
false data, namely D(G(z)) = 0.5, the generative adversarial
network will be able to generate fake data with approximately
the same distribution as the real sample, effectively realizing
data expansion.

Therefore, depending on the fingerprint data collection
method used for training, the use of GAN can generate both
pseudo-fingerprint data with the same fingerprint points as
the training data to increase the diversity of fingerprint sam-
ples and virtual fingerprint data at non-training fingerprint
points to expand the fingerprint database size [54]. The use
of fingerprint data belonging to multiple fingerprint points
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TABLE 3. Low-cost indoor location method based on Generative
Adversarial network.

Ref Year Parameter and Position Scene
Technology error (m)  (m?

[55] 2019 CSI, WFIF 0.92 7*7

[56] 2020 CSLWIFI x 8.6*5.8

[60] 2020 RSSI, WIFI 1.98 20%20

[57] 2021 CSI, WIFI 0.99 12.6%4.8

[58] 2021 RSSI, WIFI 391 X

[59] 2021 RSSI, WIFI 0.83 20%20

x : Itis not covered in the article

with diversity to build a complete dataset can support the
fingerprint localization system to maintain good performance
in scenarios with complex layouts and frequent changes.
As shown in Table 3, the use of GAN to generate virtual fin-
gerprint data to increase the richness of fingerprint database
and improve the localization accuracy has gradually become
a research hotspot in the field of indoor localization in recent
years.

Reference [55] extended the initial training fingerprint
database based on DCGAN by increasing the amount of
training data collected at each reference point to enhance
the fingerprint database richness, and achieved a localization
accuracy of 0.92m average error in a 7m x 7m localization
environment. Reference [56] used GAN for semi-supervised
learning, where GAN used labeled and unlabeled data to
share weights with the localization classifier, benefiting from
unlabeled data when labeled data was insufficient. Refer-
ence [57] constructed CSI fingerprint data at each location
point as amplitude images and then generated additional
images to extend the fingerprint dataset by AC-GAN, which
can generate pseudo-fingerprint data without limitation and
efficiently utilizes computational resources and real finger-
print data. Reference [58] generated pseudo-fingerprint data
at different locations based on CGAN using real collected
RSSI data. Reference [59] proposed a generative adversarial
network for RSSI data enhancement, which generates virtual
RSSI data based on a small amount of collected marker
data and selects the generated data to reduce data generation
errors, with an average localization error of up to 0.83m in a
20m x 20m localization environment.

The aforementioned generative adversarial network-based
fingerprint localization method generates fingerprint data
for virtual fingerprint points, which achieves the effect
of expanding the fingerprint database, while being able
to generate fingerprint data for multiple spatio-temporal
conditions at fingerprint points, increasing the diversity of
fingerprint samples and making the fingerprint database
contain a rich distribution of fingerprint information. The
method efficiently utilizes existing fingerprint data to over-
come the impact of wireless signal variability on fingerprint
localization accuracy, improves the robustness of the local-
ization system to environmental dynamics [59], significantly
reduces the labor and time costs required to collect fingerprint
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FIGURE 3. The general framework of few-shot learning.

data repeatedly in large quantities, and increases the feasi-
bility of deploying indoor localization systems in complex
indoor environments. However, the generative adversarial
network-based fingerprint localization method is only capa-
ble of generating fingerprint data in a single localization envi-
ronment without multi-environment robustness, and when
the localization environment changes, it is still necessary to
re-collect fingerprint data and retrain the generative network
in the new environment, so the deployment in the new envi-
ronment still suffers from high labor costs.

B. METHODS BASED ON FEW-SHOT LEARNING

Few-shot learning, a popular field of machine learning in
recent years, has been favored by researchers for its advan-
tages such as no large-scale training data and small learning
cost [61], [62]. Applying few-shot learning to solve classifi-
cation tasks can reduce the cost of large-scale collection and
labeling of data, and thus has a very promising application
in areas where data are scarce and difficult to collect [63].
few-shot learning is dedicated to training network models in
datasets with a large amount of labeled data already available
(source domain) and categorizing unlabeled data samples in
datasets with only a small amount of labeled data (target
domain) [64], [65], and its general framework is shown in
Figure 3.

Few-shot learning trains a network model in the training
phase so that it can achieve the task effect well when the
target task has only a few labeled samples. In the train-
ing stage, given a training dataset Dy, We use a process
called episodic to sample the support set S and query set Q
from the episodic data set. That is, the samples of support
set S and query set Q have data labels.Where the support
set § C Dyin contains N classes and each class has K
samples (namely N-way K-shot), which can be represented

as S = {(XI, )’1) ’ (x2_, y2) ERCIEIR] (xNXK’ yNXK)}'Query Set
Q C Dyin contains D samples, which can be denoted as
0= {(xNxKJrly)’NxKJrl) y e (xNxK-i-D’ nyK+D)}' Diest
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in the testing phase, a given test data sets, with training set
of few-shot learning model can support sample a few cases,
accurately map the query set 0 C Dyt no labels of the
samples to support on the similar sample similar tags, it is
worth noting that the training data set and test data set of tags
are mutually exclusive, the Dypain N Diest = @.

Few-shot learning has been used with good results in
classification tasks in several fields. References [66] and [67]
designed few-shot learning models based on graph convolu-
tional neural networks to achieve good results in image clas-
sification using only 1, 5, and 10 samples per class of images.
Reference [68] designed a classification algorithm based on
few-shot learning to significantly improve the performance of
gesture classifier using a weakly supervised training dataset
containing multiple gesture instances, and achieved good
classification results on a large-scale gesture recognition
dataset using only a single gesture sample for training. Ref-
erence [69] proposed a composite memory network (CMN)
structure based on the key-value memory network paradigm
for few-shot video classification, and demonstrated the effec-
tiveness of the method on a few-shot video classification
dataset. Reference [70] to solve the drug discovery problem,
LSTM was introduced into a few-shot learning network based
on graph neural networks, which improved the ability to
exchange feature information among drug small molecules
during training and significantly reduced the amount of data
required to perform drug efficacy prediction in drug discovery
experiments. Reference [71] proposed an adaptive metric-
based few-shot learning method that can obtain a set of metric
values during the training phase and automatically determine
the best combination of weights to complete the task in the
testing phase. Significant prediction results were achieved
on sentiment analysis and conversational intent classification
datasets.

Therefore, it is feasible to use a few-shot learning model
to reuse the existing complete data set in the old localization
environment and use only a small amount of fingerprint data
collected in the new environment for localization, reduc-
ing the cost of collecting and tagging fingerprint data for
localization in the new localization scenario. In [50], the
concept of few-shot learning is first introduced to indoor
localization, and the “‘task” of few-shot learning is specified
as localization in various heterogeneous environments. When
the settings, such as layout, size, and number of fingerprint
points deployed, are different in the old and new localization
environments, the method can show significant localization
results with only 1, 5, or 10 marked CSI fingerprint samples
collected in the offline phase for each fingerprint point in the
new environment. The performance is consistent with that
achieved by a convolutional neural network-based localiza-
tion model trained to collect 400 labeled CSI fingerprint sam-
ples per fingerprint point in the new environment, with a more
than 40-fold difference in fingerprint data collection require-
ments between the two. The method significantly reduces
the labor and time costs of fingerprint data acquisition and
labeling required for localization in multiple different indoor
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environments, increasing the feasibility of rapid deployment
of fingerprint localization systems in multiple localization
environments.

In conclusion, fingerprint localization methods based on
few-shot learning can efficiently utilize fingerprint data,
effectively reduce the labor and time costs required for
repeated fingerprint data acquisition in localization scenar-
i0s, and increase the robustness of fingerprint localization
systems. Although studies have been conducted to combine
few-shot learning with the field of indoor localization to
reduce the labor consumption required to repeatedly collect
large amounts of fingerprint data in new localization environ-
ments, this direction is still among the new ideas to overcome
indoor fingerprint localization challenges and has full poten-
tial to improve the feasibility of rapid multi-scene deploy-
ment of indoor fingerprint localization systems. For example,
a) how to extract stable localization fingerprint features from
a small number of support set samples to cope with the
degradation of localization performance due to fluctuations
in fingerprint distribution as the environment dynamically
changes in a new scene. b) how to distinguish similar finger-
prints collected from two different locations based on a small
number of sample data in the support set due to multipath
reflections of wireless signals in a complex indoor environ-
ment with blurred fingerprint data [72]. Solving the above
problems is the direction and challenge for further research
on fingerprint localization based on few-shot learning. With
the continuous combination of machine learning and indoor
localization field, it is foreseen that fingerprint localization
technology based on few-shot learning is one of the develop-
ment trends of indoor localization technology in the future.

IV. CONCLUSION

In this review, we provide a comprehensive overview of
indoor localization methods for building wireless fingerprint
databases at low cost. Representative methods proposed in
recent years are comprehensively reviewed, compared and
summarized according to classical data augmentation meth-
ods and advanced machine learning models, respectively.
For each class of methods, we elaborate their underlying
models or algorithms as theoretical introduction and practical
guidelines. Finally, we outline current challenges and future
research directions, and show that there is much room for
further exploration. Overall, we hope that this review can
serve as a guide for indoor positioning researchers to address
the high cost of data acquisition and to advance research and
development in this area.
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