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Abstract
Indoor/Outdoor (IO) detection (IOD) using Wi-Fi- and smartphone-based technologies is in high demand and
interest in both the industrial and research fields. This paper proposes a novel and effective hybrid IOD (HIOD)
approach for detecting a smartphone user’s IO location. The HIOD approach uses signals received from both
Wi-Fi and GPS as well as the latest positioning technologies such as multilateration, fingerprinting and machine
learning. This paper proposes and implements two-level signal-to-noise ratio (SNR) threshold parameters for the
first time, which are specifically derived from GPS signals through 42 empirical tests at seven test sites with
adequate environmental factors considered. Using the newly derived IOD threshold parameters and a set of IO
detection rules, the HIOD approach is then tested at 20 test points (TPs) in a city canyon area, where most of
the TPs are under semi-indoor or semi-outdoor conditions. The final test results show that a 100% IOD rate is
achieved.

1. Introduction

The number of global smartphone users has reached 3·8 billion (May 2021), approaching half of the
world’s population (Deyan, 2021; Turner, 2021). This has led to a high demand for smartphone-based
positioning applications, particularly since most people carry their smartphones on them through-
out their daily activities. The popularity of smartphones has made Wi-Fi technology the single most
popular wireless network protocol of the 21st century. In fact, Wi-Fi technology now powers most
home and business wireless networks and public hotspot networks (Ta, 2018; Mitchell, 2019). The
combination of Global Navigation Satellite System (GNSS) positioning (for outdoors) and Wi-Fi (for
indoors) forms the basis of smartphone-based seamless positioning technology. This has become the
dominant technology in location-based service (LBS) and other positioning application fields due to
unprecedented innovation and demand from both research organisations and the commercial industry
(Donovan, 2013; Machowinski, 2013; Mohapatra et al., 2014; Elkhodr et al., 2016; Mareco, 2018).
In recent years, more and more positioning systems have started to use Wi-Fi instead of GNSS
positioning in urban areas due to its free availability and ease of access. The free availability of
Wi-Fi makes it even more popular in many urban canyons, where GNSS signals are wholly or partly
blocked.

An effective indoor and outdoor positioning system fundamentally requires a robust strategic posi-
tioning method. Positioning methods such as the Cell of Origin (COO), multilateration and fingerprinting
have become the three most popular and robust positioning methods in the past two decades. Each can
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Figure 1. An example of the typical seamless (both indoor and outdoor) positioning process.

be selected according to specific environmental contexts such as (1) Line-Of-Sight (LOS) or None-
Line-Of-Sight (NLOS) conditions; (2) the complexity of the environment; (3) the number of connected
Access Points (APs) and (4) other device-related characteristics. Recently, the Time-of-Flight (TOF)
has become a more accurate and robust ranging technique for Wi-Fi due to the release of the Fine-Time-
Measurement (FTM) protocol in the IEEE 802·11mc wireless network standard (Yu et al., 2019; Bai
et al., 2020). This protocol allows a smartphone user to use Wi-Fi Round-Trip-Time (RTT) technology
for calculating the distance between an AP and a smartphone user. RTT significantly reduces the rang-
ing error caused by radio signal fluctuations, and the positioning accuracy is therefore improved from
approximately 5 m to a meter or sub-meter level, which is well matched with the positioning accuracy
obtained from GNSS. This has promoted the integration of indoor and outdoor (IO) positioning tech-
niques or the so-called smartphone-based seamless positioning (Diggelen et al., 2018). However, there
still remains the challenging issue of distinguishing whether a smartphone user is located in an indoor or
outdoor space so that the proper positioning algorithm can be applied accordingly (Okamoto and Chen,
2015; Zhu et al., 2019). For example, if the user is indoors, then Wi-Fi can be chosen as the positioning
technology. Otherwise, in an outdoor setting, GNSS or a combination of GNSS and Wi-Fi needs to
be selected as the positioning technology. More detailed descriptions of this concept are illustrated in
Figure 1, where only GPS is applied hereafter although other GNSS constellations may also be valid
either independently or jointly.

A critical requirement for the IOD is to find a set of feasible and robust criteria/algorithms that detect
if an end-user is indoors or outdoors. In the real world, there are not only pure indoor and outdoor, but
also semi-indoor and semi-outdoor environments. Yan et al. (2019) identified the four typical different
environmental conditions:

• Indoor space – broadly, a physically enclosed space, such as a building or house, is referred to as an
indoor space;

• Outdoor space – a space that is not entirely enclosed by walls, windows, doors, etc;
• Semi-indoor space – a space covered with a roof or canopy that is related to a building and combined

with indoor and outdoor climate features, usually a GPS-denied space;
• Semi-outdoor space (or semi-open space) – a space that is not entirely enclosed, including

human-made structures, which moderate the effects of outdoor conditions.

Real-world environments can be very complicated. However, once the IOD problem for semi-
indoor and semi-outdoor spaces can be solved, it will be much easier for indoor and outdoor
environments.

Previous IOD research has attempted to detect the IO status using the Received Signal Strength
Indicator (RSSI) and built-in smartphone sensors such as the accelerometer, magnetometer and light
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sensor (Li et al., 2014; Li et al., 2020). Some have adopted low power i-Beacon technology for IO
detection (Zou et al., 2016). Chen et al. presented an IOD approach only using the number of available
GPS satellites (Chen and Tan, 2017). Gao et al. described an IOD technique using 25 dB-Hz as a
threshold of the carrier-power to the noise-density ratio (CNR: signal-to-noise ratio of a modulated
signal) to distinguish the IO conditions (Gao and Groves, 2018). Other researchers have also explored
light sensors, machine learning and sound-based reverberation patterns for the IOD process (Bhargava
et al., 2014; Sung et al., 2015; Zhu et al., 2019). All these studies have shown that it is relatively
easier to conduct the IOD process in a pure outdoor (or so-called open-air) or indoor space but much
more challenging in semi-indoor and semi-outdoor areas (Gao and Groves, 2018; Zhu et al., 2019). In
practice, none of the methods mentioned above are perfect for the IOD process under semi-indoor or
semi-outdoor conditions.

This paper presents a hybrid IOD (HIOD) approach using Wi-Fi, GPS and smartphone technologies
with careful consideration of the end-users environment. Devices and techniques such as Wi-Fi APs,
RSSI, the number of connected APs or satellites and GPS Signal-to-Noise Ratio (SNR) are comprehen-
sively investigated and tested for their suitability in the new approach. This includes an analysis of the
RTT-based ranging estimations under the LOS and NLOS conditions. The rest of the paper is outlined
as follows: in Section II, the positioning methods and specific technologies involved in this approach
are introduced; then, the newly developed IOD approach is presented. Section III proposes two criti-
cal threshold parameters, the SNR_I and SNR_O parameters. Their empirical values are determined
through 42 experimental tests at seven different sites. Section IV presents the details of testing and
evaluation of the HIOD approach at ten outdoor Test Points (TPs) and ten indoor TPs. Conclusions and
further work are presented in Section V.

2. Methodology

Several challenging urban canyon sites were selected for this research. Further, before investigating
the HIOD approach, selection of the primary positioning methodology (that must be suitable for the
environmental conditions) and appropriate positioning technologies were required. In this research, the
RTT technology was selected for Wi-Fi-based range measurement (Bai et al., 2021; Gentner et al., 2020),
which has been shown to be more straightforward for integration with GPS measurements. A common
coordinate system for indoor and outdoor positioning must also be defined. Finally, the most suitable
positioning optimisation algorithm that best integrates GPS and Wi-Fi signals must be identified. These
considerations, plus a description of the final HIOD approach, will be introduced in the following
sections.

2.1. Selecting a primary positioning method

Unless in exceptional cases, multilateration and fingerprinting are the two positioning methods generally
selected for indoor positioning applications. Each has benefits and disadvantages in its application.
Multilateration is suitable for a relatively open space, usually with a LOS condition between APs and
the end user’s smartphone. Research has shown that fingerprinting is a better choice for a stable complex
space in which the multipath effect and NLOS condition occur (Pathak et al., 2014; Bai, 2016; Van
Haute et al., 2016; Yaro et al., 2018). In this research, multilateration was selected as the positioning
method due to the following reasons:

a) relatively open spaces are often available in city canyon areas, which are more suitable for
multilateration applications, although the NLOS condition exists for satellite signals detection;

b) it is hard to conduct the training phase of the fingerprinting method in irregular and large outdoor
spaces;

c) there is a lack of variation of signal transmission in most outdoor spaces for adequately
implementing a fingerprinting-based positioning system.
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In practice, different strategic positioning methods and technologies are involved for different positioning
scenarios. For example, Wi-Fi RTT-based trilateration is designated for indoor positioning in this project.
For outdoors, either GPS alone, Wi-Fi alone or a combination of Wi-Fi and GPS can be involved for
positioning. Figure 1 describes this strategy. As the figure shows, the determination of IOD assessment
criteria is the main focus of this paper. Some fingerprinting concepts are also used to make the IOD
assessment more robust.

2.2. Ranging with Wi-Fi RTT

Wi-Fi RTT technology provides a simple and accurate way of ranging calculation, especially in an open
space. The round-trip-time and estimated range between a Wi-Fi AP and the end user’s smartphone
(Dest) for a period of mean RTT can be obtained through Equations (1) and (2) (Yu et al., 2019):

𝑡𝑅𝑇𝑇 =
1
𝑁

(
𝑁∑
𝑖=1

𝑡4_𝑖 −

𝑁∑
𝑖=1

𝑡1_𝑖

)
−

1
𝑁

(
𝑁∑
𝑖=1

𝑡3_𝑖 −
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𝑖=1

𝑡2_𝑖

)
(1)

𝐷est =
1
2
∗𝑡𝑅𝑇𝑇 ∗𝑐 (2)

where 𝑡𝑅𝑇𝑇 is the round-trip-time of the signal transmitted between the smartphone and an AP; 𝑐 is
the signal transmission speed; 𝑡1_𝑖 is the timestamp when the FTM framework was first sent by a Wi-
Fi AP; 𝑡2_𝑖 is the timestamp when the FTM signal arrives at the smartphone; 𝑡3_𝑖 is the timestamp
when the smartphone returns the acknowledgement signal to the AP; 𝑡4_𝑖 is the timestamp when the
acknowledgement signal is received by the AP; 𝑁 is the successful burst number (where 𝑁 > 0, 𝑁 < 𝐵)
and B is the total burst number (i.e., burst size, B= 8 as the default value in the Android operating
system (OS).

Generally, an Android Pie (Android P) or higher Android operating system is required for running
the FTM. Other smartphone default settings such as the ACCESS_FINE_LOCATION, location tracking
and Wi-Fi scanning permissions need to be enabled on the end-user device (Okamoto and Chen, 2015).
All the estimated ranges are simplified to horizontal distances in this research. No vertical distance
between an access point (AP) and a user is considered in this research (Gao et al., 2019).

2.3. Combination of the indoor and outdoor coordinate systems

A standard local coordinate system needs to be established for integrating both indoor and outdoor
positioning processes seamlessly. First, an East, North and Up (ENU) local coordinate system is defined
based on the universal Cartesian system. The ENU coordinates are formed from a plane tangent to the
Earth surface fixed to a specific location, and hence it is sometimes known as a local tangent or local
geodetic plane (see Figures 2 and 8).

For any point (e.g., 𝑃(𝜙, 𝜆, ℎ)) received by a smartphone, its local ENU coordinates can be obtained
from the point’s known latitude (𝜙), longitude (𝜆) and height (h). A local XYZ coordinate system is
defined using the same initial point of the ENU system, which is for both indoors and outdoors. To
simplify the testing process, only ‘EN’ and ‘XY’ coordinates are selected, while ‘Up’ and ‘Z’ coordinates
are ignored. Assuming point 𝑃(𝐸 ′, 𝑁 ′) is a point with known universal Cartesian coordinates 𝐸 ′ and
𝑁 ′ (see Figure 2), then the coordinates can be converted geometrically to the local ENU and the local
XYZ coordinate systems through Equations (4) and (5).

(𝜙, 𝜆, ℎ) => (𝑋𝑒𝑐𝑒 𝑓 , 𝑌𝑒𝑐𝑒 𝑓 , 𝑍𝑒𝑐𝑒 𝑓 ) => (𝐸 ′, 𝑁 ′, 𝑈 ′) => (𝐸, 𝑁, 𝑈) (3)

The above coordinate transformations are accomplished by Equations (4)–(6); more details can
be found in (Deakin and Hunter, 2013; PCG, P.C.o.G. and I.C.o.S.a.M.(ICSM), 2018; A Guide to
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Figure 2. Relationships between the local ENU and the ECEF coordinate systems.

Coordinate Systems in Great Britain Geodesy & Positioning, 2020)):

⎡⎢⎢⎢⎢⎣
𝑋𝑒𝑐𝑒 𝑓

𝑌𝑒𝑐𝑒 𝑓
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where 𝑣 = (𝑎/
√
(1 − 𝑒2sin2𝜙)), 𝑒2 = 2 𝑓 − 𝑓 2 and 𝑎 = 6378137.0 m is the semi-major axis of the

earth based on the World Geodetic System 1984 (WGS84); f is the flattening and 1/f = 298·257223563;
(𝑋𝑒𝑐𝑒 𝑓 , 𝑌𝑒𝑐𝑒 𝑓 , 𝑍𝑒𝑐𝑒 𝑓 ) are the coordinates in the Earth-Centred, Earth-Fixed (ECEF) Cartesian coordi-
nate system; (𝑋𝑟𝑒 𝑓 , 𝑌𝑟𝑒 𝑓 , 𝑍𝑟𝑒 𝑓 ) are the ECEF coordinates of the origin of 𝐸 ′𝑁 ′𝑈 ′ coordinate system.
Assuming the coordinates of the origin of the ENU coordinate system is (𝐸 ′
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(7)

where 𝑥𝐺 and 𝑦𝐺 are the smartphone’s GPS location measurements under the local XY coordinate
system; E and N is the smartphone’s GPS location measurement under the local EN coordinate system.

2.4. LS-based trilateration positioning process

Least-squares (LS) is a commonly used method for trilateration-based positioning, especially when
a user is in motion or the motion parameters are untraceable. The coordinates obtained through the
LS method are generally more accurate than those obtained by solving all equations algebraically
(Gavin, 2020). Apart from the general LS application to Wi-Fi- and smartphone-based multilateration
(see its implementation details in (Bai, 2016)), it can also be used in the multilateration positioning
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process combining both GPS and Wi-Fi measurements. When such a combination is involved in the
multilateration process, for example the combination of two Wi-Fi and one GPS measurements, the
specific LS model becomes (with the assistance of Taylor series to the first-order expansion):

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
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(8)

where

𝑑0
𝑊𝑖 =

√
(𝑥𝑤𝑖 − 𝑥0)

2 + (𝑦𝑤𝑖 − 𝑦0)
2; 𝑖 = 1, . . . , 𝑛,

Δ𝑥 = 𝑥 − 𝑥0;
Δ𝑦 = 𝑦 − 𝑦0;

where 𝑥 and 𝑦 are the smartphone’s coordinates in the local XY coordinate system, 𝑑𝑤𝑖 (𝑖 = 1, . . . , 𝑛)
is the measured distance between the 𝑖𝑡ℎ Wi-Fi AP and the smartphone, 𝑥𝐺 and 𝑦𝐺 are the smartphone’s
GPS location measurements in the local XY coordinate system, and 𝑥𝑤𝑖 and 𝑦𝑤𝑖 (𝑖 = 1, . . . , 𝑛) are the
coordinates of the 𝑖𝑡ℎ Wi-Fi AP in the local XY coordinate system. The initial values of 𝑥0 and 𝑦0 can
be obtained from other methods such as simplified LS, as described by Bai et al. (2020). The initial pair
of 𝑥0

𝐺 and 𝑦0
𝐺 values can be assigned to 𝑥0 and 𝑦0 during the first round of iteration for a particular

end user’s location.
Based on Equation (8), we define
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⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦
The vector d𝑋 can be estimated using the LS method through Equation (9):

𝑑𝑋 = (𝐵𝑇 𝐵)−1𝐵𝑇 𝐿 (9)

The final estimated end user’s coordinates (𝑥, �̂�) can then be obtained from Equation (10) when the
iteration is not required: {

𝑥 = 𝑥0 + Δ𝑥
�̂� = 𝑦0 + Δ𝑦

(10)

2.5. Hybrid indoor and outdoor detection approach

As mentioned previously, successful IOD is critical for seamless smartphone-based positioning systems.
This section proposes and describes an HIOD approach, which includes a combined use of Wi-Fi
RSSI, Wi-Fi RTT-based range measurements, number of connected APs and number of interconnected
satellites, as well as the SNR measurements and some valuable ideas from fingerprinting and machine
learning. The hybrid approach includes three main rules ordered according to their reliability and
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Table 1. Examples of the SNR values and their corresponding elevation values.

Test 1 Test 2 Test 3

Satellite SNR (dB) Ele (°) SNR (dB) Ele (°) SNR (dB) Ele (°)

G01 44·8 26·4
G08 17·3 39·0 18·7 33·6 40·4 30·1
G10 18·5 50·6 24·1 40·4 45·7 36·3
G21 16·2 27·2 18·8 42·1 45·4 48·1
G22 13·6 21·7 37·2 25·9
G23 16·6 22·6
G27 16·7 25·2 29·3 19·8
G31 23·5 21·4 40·3 26·9
G32 18·6 83·3 20·0 72·8 45·1 66·4

effectiveness. The ultimate goal for all these rules is to find whether the smartphone user is located
indoors or outdoors by evaluating the following:

• Rule 1 – evaluating Wi-Fi-based ranges and RSSI values;
• Rule 2 – evaluating the number of connected satellites and their SNR values;
• Rule 3 – evaluating the number of connected APs, the numbers of available satellites and their

corresponding SNR values, and comparing the current machine learning model (CML) and the latest
machine-learning pattern (MLP).

Each of the rules has its own emphasis, and they are processed orderly during the IOD process. Rule 1
is the most straightforward rule, and it is processed first, followed by Rule 2, then Rule 3 (see Figure 3).
Three critical parameters in the HIOD model need to be determined for successful IOD. One is a
valid AP selection criterion, and the other two are the threshold values of SNR_I and SNR_O. Other
parameters received from the end user’s smartphone are also used during the IOD process, such as:

• the estimated Wi-Fi ranges, RSSI values and AP IDs from all connected APs, including the data
received from those FTM-unsupported APs, which can be used for updating the MLP;

• the SNR values and IDs of all connected satellites;
• the number of connected APs and satellites (only GPS considered in this research).

A value of −71 dB is selected to be the RSSI threshold (RSS_T) for validating an AP as referred in (Bai,
2016). The MLP database is updated each time after Rule 1 or Rule 2 is processed. Previous research has
also considered using the combination of SNR and elevation (i.e., SNR_Ele) values as an IOD criterion
(Okamoto and Chen, 2015). In this research, the elevation was not selected for the following reasons:

• the orders of the SNR values and elevation values are not perfectly matched, and this leads to three
confusing SNR, elevation and SNR*Elevation options for satellite selection;

• generally, a satellite with a higher elevation value also has a higher SNR value, although exceptional
cases exist sometimes. Therefore, the SNR values already reflect the characteristics of signals from
different satellite elevations;

• higher computational efficiency due to the reduced complexity with the usage of SNR only.

These scenarios are explained through the three testing results listed in Table 1, where the orders for
SNR, Elevation and SNR*Elevation are not exactly matched.

Thus, only SNR is selected for the HIOD model. Figure 4 shows an example of the SNR values
received by a smartphone, where nine satellites are detected and one SNR value per second is recorded
for each satellite. Seven SNR curves are stable and have higher average values (the average SNR values
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Figure 3. Principle of the HIOD approach.

are between 25 and 40 dB), whereas the other two are unstable and have lower average values (the
average SNR values are between 21 and 25 dB). The testing results in Figure 4 match the real testing
condition, where two satellites are partly blocked by the surrounding buildings; meanwhile, the top
seven SNR curves demonstrate a smooth and stable trend even in a short period. These characteristics
make the SNR values attractive for end-user’s IO detection.

As presented in Figure 3, a unique code for each type of detection path is necessary to represent a
specific IOD result. The format of the unique code pattern is R#*_I/O, where ‘R’ represents ‘Rule’;
‘#’ represents rule number; ‘*’ represents a subtype of a particular rule; ‘I’ means ‘indoor result’ and
‘O’ means ‘outdoor result’. Furthermore, two SNR threshold parameters (i.e., SNR_I and SNR_O) for
IOD have been designated rather than one SNR threshold. One reason for defining two thresholds is
that it is challenging for a single threshold parameter for successful IOD operation in semi-outdoor and
semi-indoor environments (Gao and Groves, 2018; Zhu et al., 2019). Also, two SNR thresholds allow
identification and removal of ambiguous cases and better clarify the whole IOD process. Another reason
is to improve the detection rate. Two levels of thresholds practically provide more robust IOD results
by using SNR_I as the ‘indoor threshold’ and SNR_O as the ‘outdoor threshold’. Based on the above
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Figure 4. An example of SNR values received by a smartphone (approximately one-minute data collec-
tion period with nine satellites connected).

Figure 5. Key components of an MLP element.

clarification, a core issue for the success of the HIOD approach is how to determine appropriate SNR_I
and SNR_O values. As a novel approach and without sufficient evidence for proving and assigning a
specific value to each threshold, it was decided to obtain the SNR_I and SNR_O values through a range
of empirical tests (introduced in Section III).

The main principle of the MLP model is derived from pattern recognition. A number of MLP elements
are stored in the database and updated continuously during the HIOD process. A comparative analysis
is undertaken when an unknown IO case occurs. Each MLP element includes a set of features extracted
from the previous IOD process (see Figure 5). The following prerequisite conditions are applied for the
feature of MLP element selection:

1) threshold – RSSI value ≥ −81 dBm (Bai, 2016);
2) a maximum of six RTT-supported APs and six other normal AP’s are collected. The range value is

the selection criteria for RTT-supported APs, and the RSSI value is the criteria for normal APs.

3. Determination of the SNR_I and SNR_O values

It is essential to select diverse test sites to obtain convincing empirical results. Therefore, seven city
canyon areas were selected (i.e., within the RMIT University city campus and Melbourne Central Train
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Figure 6. Comparison of the SNR values obtained from the empirical tests.

Figure 7. Comparison of the SNR values obtained from the repeated empirical tests.

Station in Melbourne) as specific testing sites. Five of the sites can be classified as semi-indoor or semi-
outdoor conditions. Their details are described in Table 2 alongside two photos for each site. The first
photo shows a broader site scene and the second shows a more focused location scene. The red arrow
in each case points to the smartphone’s position. Three different local time periods were chosen for the
tests, i.e., 10:30–11:30, 14:00–15:00 and 17:00–18:00. The empirical tests at each site were conducted
in a specific period (approximately 1 min for each test). The preliminary test results from the first round
of tests are summarised in Figure 6 and Table 3. A repeated round of empirical tests at each test site was
also conducted. The test results are summarised accordingly in Figure 7 and Table 4. Thus, there were
a total of six SNR results obtained from each TP after the two rounds of tests were completed.

A few highlighted points from Figures 6 and 7 are important and can be summarised as follows:

1) the SNR values from outdoors (see the orange bar charts) are higher than the SNR values from
indoors (see the blue bar charts);
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Table 2. The seven testbeds selected for the empirical tests..

No. Site name Description Field type Scene photo 1 Scene photo 2

1 MelCtrl 1 A large corridor within a concrete
building; high pedestrian traffic.

Indoor

2 MelCtrl 2 A corridor within an open entrance
of a tall concrete building.

Semi-indoor

3 RMIT 1 A large open office environment
within a tall concrete building sur-
rounded by windows.

Semi-indoor

Continued.
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Table 2. Continued.

No. Site name Description Field type Scene photo 1 Scene photo 2

4 RMIT 2 Beside RMIT 3, within a room with
two open doors; a relatively open
environment.

Semi-indoor

5 MelCtrl 3 Beside a bus stop; 5 m to a tall build-
ing, surrounded by trees; a typical
urban area.

Semi-outdoor

6 RMIT 3 Beside RMIT 2, a platform on the top
of a building on Level 7; surrounded
by tall buildings on three sides (a city
canyon area).

Semi-outdoor

7 RMIT 4 A relatively open-air setting (behind
the Old Gaol).

Outdoor
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Table 3. Preliminary SNR results from the empirical tests based on the seven different sites.

MelCtrl 1 MelCtrl 1 RMIT 1 RMIT 2 MelCtrl 1 RMIT 3 RMIT 4

Satellite T1-1 T1-2 T1-3 T2-1 T2-2 T2-3 T3-1 T3-2 T3-3 T4-1 T4-2 T4-3 T5-1 T5-2 T5-3 T6-1 T6-2 T6-3 T7-1 T7-2 T7-3

G01 20·1 18·8 20·2 22·4 23·0 44·8 41·5
G03 16·2 19·7 15·5 21·9 17·8 18·1 17·6 38·0 24·2 32·2 22·0 31·3 36·8 25·8
G04 17·9 15·6 16·6 17·8 24·8 20·5 19·7 19·9 34·7 38·4 42·5 38·8 37·8
G06 29·7 18·8
G07 17·2 15·8 22·7 24·1 42·1 40·0
G08 17·3 16·8 15·7 18·7 20·8 19·5 25·3 40·4 30·0
G09 18·9 19·2 18·8 21·1 22·4 32·4 21·2 21·0 30·6 32·8
G10 18·5 19·3 28·1 24·1 42·4 28·6 45·7
G16 16·0 21·1 18·7 23·3 18·5 33·1 31·3 22·8 39·5 38·5 27·0 31·4 28·5
G18
G21 16·2 16·7 16·2 17·5 15·9 18·8 18·4 24·1 30·5 29·4 24·1 45·4 26·5
G22 9·7 16·7 18·6 15·8 13·6 25·1 19·8 40·2 22·6 40·8 37·2 38·2
G23 16·6 16·3 19·7
G24
G26 18·0 17·8 18·9 23·3 26·1 15·7 26·9 21·8 35·4 25·0 34·2
G27 30·5 16·7 20·8 16·9 22·0 20·3 29·3 30·6
G30 14·2 22·4 17·2 28·7
G31 19·5 21·5 21·9 23·5 21·7 26·5 45·0 39·4 24·9 40·3 28·7
G32 18·6 15·5 19·4 26·8 20·0 39·8 33·9 45·1

No. Satellites 6 7 7 2 6 3 4 8 7 7 9 7 9 9 9 9 9 8 8 9 8
Top 5 Avrg. 17·4 17·4 15·5 19·4 17·6 20·6 23·5 22·2 25·1 21·0 24·9 24·5 30·7 33·4 32·6 31·3 35·6 33·6 44·3 37·9 34·2
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Table 4. Preliminary SNR results from the repeated empirical tests based on the seven different sites.

MelCtrl 1 MelCtrl 1 RMIT 1 RMIT 2 MelCtrl 1 RMIT 3 RMIT 4

Satellite T1-1 T1-2 T1-3 T2-1 T2-2 T2-3 T3-1 T3-2 T3-3 T4-1 T4-2 T4-3 T5-1 T5-2 T5-3 T6-1 T6-2 T6-3 T7-1 T7-2 T7-3

G01 15·5 21·9 18·7 22·4 20·8 22·4 41·1 44·9
G03 17·2 19·7 20·9 15·7 18·4 17·3 17·4 32·8 25·1 32·2 24·9 37·2 34·1 27·6
G04 15·8 18·8 15·7 17·8 20·3 18·0 19·3 21·8 38·5 30·0 36·6 39·5 37·5
G06
G07 17·5 18·3 26·9 25·5 43·2 40·6
G08 15·6 16·8 14·4 26·9 18·8 21·6 40·9
G09 17·3 17·7 19·7 19·2 19·5 24·2 31·7 23·2 25·0 33·6
G10 20·4 17·0 25·2 27·1 39·9 32·4 46·7
G16 14·3 19·0 17·6 18·5 26·1 26·0 25·5 36·9 29·6 24·7 32·2 22·9
G18
G21 13·3 16·5 17·6 17·0 18·9 25·4 21·8 28·8 23·3 46·7 27·5
G22 17·9 17·1 13·6 17·8 20·5 19·9 40·6 22·5 46·8 42·0 41·1
G23 19·9 18·4 18·1
G25 17·1
G26 16·8 15·1 19·6 22·7 25·0 17·2 34·1 21·6 40·0 22·9 32·9
G27 31·4 17·5 16·4 19·7 21·5 22·4 17·2 29·0 28·5
G30 19·0 18·5 39·2
G31 22·8 16·5 16·3 24·5 26·7 20·1 33·9 41·3 36·6 27·5 41·4 27·9
G32 19·8 19·7 25·6 19·5 34·9 30·7 44·7

No. Satellites 5 8 7 2 2 3 6 6 7 8 9 7 9 9 8 9 9 8 8 9 6
Top 5 Avrg. 17·8 18·4 18·5 18·4 18·1 18·1 19·7 20·4 23·2 21·7 22·7 25·1 30·8 33·3 33·0 30·2 34·8 33·3 44·3 38·6 34·7
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2) the values from semi-indoor spaces are higher than the values from indoor spaces;
3) the SNR values from the semi-outdoor areas are lower than the value bars from an open space.

According to the above test results, a single SNR value may have higher uncertainty and not present
the overall SNR level of the AP. For example, the SNR value from the G03-T4-3 test was 38 dB, much
higher than the overall SNR level. This may mislead the IOD process. The average SNR values of
three and five GPS connections were also compared, and the average of 5-SNR values was slightly
more distinguishable than that of the 3-SNR values. Therefore, the average SNR value of five GPS
connections was selected to assist in the SNR_I and SNR_O parameter determination. If the number of
connected satellites is less than 5, the average SNR values of all the interconnected satellites is selected.
With comprehensive analysis of the empirical results, and also considering the complexity of the semi-
indoor conditions (e.g., an SNR value sometimes may be similar to a semi-outdoor SNR level when
fewer obstructions exist), 25·0 dB and 33·0 dB were finally selected as the SNR_I and SNR_O values in
this research. Nevertheless, the SNR_I and SNR_O values may be amended in the future when hardware
and environmental factors are changed.

4. Experimental test and result discussion

4.1. Experimental IOD test

An experimental test was designated to examine the HIOD approach. The test site was selected from
more than six different candidates of venues. The final test site was set up in the roof garden of Building
10, at the city campus of RMIT University, not typical but belonging to a mixed area of both semi-indoor
and semi-outdoor. The test site is surrounded by tall buildings on three sides and also contains furniture
and parterres here and there. The outdoor garden is under a semi-outdoor condition with parterres,
benches and coffee tables. There is also an indoor room connected to the outdoor garden through a
corridor. In Figure 8, T1, T2, . . . T10 represent the ten outdoor TPs, and P1, P2, . . . P10 represent the
ten indoor TPs. The major hardware devices used were six CompuLab WILD routers and a Pixel 3
smartphone. The duration of data collected at each TP was approximately 1 min using an Android-based
APP developed in-house. All the APs and the smartphone were placed at a vertical distance of 1·72 m
above the ground with known X and Y coordinates for each TP. The AP1, 2 and 3 were placed outdoors,
and AP 4, 5 and 6 were mounted indoors. Referring to Figure 8, all TPs were located in a semi-outdoor
space; T1 through T7 were under a more complex environment, and T2 and T3 were in the worst outdoor
condition for signal transmission. P3, P4, P5 and P6 can be considered to be in an indoor space, and the
other indoor TPs were all in a semi-indoor space. Among those indoor TPs, as P1 and P7 were located
very close to the open entrances, they were considered the hardest points for IO detection.

The SNR and Wi-Fi-based measurement results are summarised in Tables 5 and 6, respectively. For
the indoor TPs, the user’s IO locations at P01, 03, 04, 06, 07, 08 and 10 were recognised by Rule 1, and
at P02, 05 and 09 were recognised by Rule 2; for the outdoor TPs, the user’s IO locations at T01, 04–09
were recognised by Rule 2, and at T02 and T03 were recognised by Rule 3, the IO location at T10 was
recognised by Rule 1. All IO detection results from the 20 TPs are shown in Table 7, and the correct
detection rate was 100%.

4.2. Discussion

As shown in Table 7, 70% of the indoor IO locations were recognised by Rule 1, and 30% were recognised
by Rule 2. Conversely, 70% of the outdoor IO locations were recognised by Rule 2, 20% by Rule 3,
and 10% by Rule 1. Compared to Rule 3, Rules 1 and 2 are computationally simpler but more robust.
Fortunately, 90% of the IOD tasks were achieved by Rule 1 and Rule 2, which significantly reduced
the processing time and improved the IOD efficiency without complicated calculations (see Table 8).
Table 8 also indicates that Rule 1 is generally the principal function for indoor detection, and Rule 2 is
for outdoor detection, whereas exceptional cases often exist for those TPs under worse conditions. For
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Table 5. SNR measurement results received from the 20 TPs.

Satellite P01 P02 P03 P04 P05 P06 P07 P08 P09 P10 T01 T02 T03 T04 T05 T06 T07 T08 T09 T10

G01 35·7 27·3 20·8 21·6 22·3 19·0 18·5 20·5
G03 36·1 27·6 21·3 20·7 20·6 28·9 27·8 21·7 19·4 24·8 27·9 37·5 36·4 30·6 42·1 34·4 36·3
G04 16·4 17·7 14·6 23·2 19·5 23·1 22·9 28·4 22·8 24·3 38·4 31·1 30·5 29·5 26·6 22·9 23·0 23·9 26·4 37·7
G05 14·4
G06 14·5 12·2 21·7 22·7 26·3 26·5 21·6 18·0
G07 22·0 26·7 21·5 23·7 13·9 16·4 15·8 17·6 15·3 16·6 18·0 20·7 23·1 28·1
G08 12·9 17·9 16·1 22·0 21·1 28·1 22·7 22·0
G09 17·5 15·2 14·1 16·0 13·4 19·1 23·0 36·8 20·0 24·5 17·4 21·0 15·9 17·3 21·0 35·0 34·1 26·0 28·4
G10
G14 16·5 16·0 20·9
G16 22·4 19·4 17·0 13·8 21·7 19·2 18·9 19·2 19·0 12·8 33·0 33·5 35·5 39·0 36·9 39·1 38·5 38·1 33·6
G18
G21 38·3 28·9 19·6 20·4 20·0
G22 31·0 28·2 18·4 21·4 42·7 39·8 30·0 44·2 38·5 36·9 42·5 33·0 32·1 30·7
G23
G24
G26 25·1 20·8 12·1 11·9 28·5 31·0 38·8 41·9 33·4 37·8 36·3 39·5 37·1 39·3
G27 13·2 17·1 13·7 14·3 14·9 30·3 22·0 23·6
G28 13·6
G30 13·4 15·3 16·3 18·7 17·0
G31 40·1 23·6 28·1 26·3 27·9 38·7 35·7 34·2

No. Satellites 9 9 9 9 6 8 7 8 8 10 7 9 9 9 10 9 10 10 8 8
Top 5 Avrg. 27·3 24·5 18·6 21·4 18·4 22·5 22·7 28·6 21·3 23·1 39·0 32·8 32·2 35·8 35·3 37·3 37·7 37·7 33·6 35·5
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Table 6. Measurement results of the estimated distances and RSSI values from the 20 TPs.

TP R(AP1) RSSI R(AP2) RSSI R(AP3) RSSI R(AP4) RSSI R(AP5) RSSI R(AP6) RSSI

P01 8·86 −70 1·62 −55 6·66 −67 4·49 −69
P02 16·41 −86 12·59 −81 3·12 −58 7·86 −74 1·61 −59
P03 11·76 −72 17·39 −83 10·66 −80 4·75 −55 5·88 −68 −0·11 −52
P04 16·07 −83 9·26 −69 4·86 −60 0·71 −50
P05 12·31 −78 12·00 −79 4·43 −67 2·21 −67 2·41 −64
P06 13·36 −76 5·26 −58 0·05 −54 6·20 −66
P07 13·31 −80 4·37 −70 3·35 −59 0·53 −51 4·84 −65
P08 16·90 −89 13·81 −74 4·04 −68 1·44 −63 5·68 −61
P09 8·33 −84 8·77 −83 3·52 −68 5·07 −67
P10 9·47 −77 10·40 −80 0·12 −52 5·57 −61 3·88 −64
T01 11·63 −80 4·71 −70 14·93 −78 12·77 −89 17·76 −79
T02 9·42 −76 10·55 −78 4·68 −70 9·58 −81 6·47 −75
T03 3·73 −64 8·75 −82 12·12 −77 9·02 −74
T04 4·03 −72 14·70 −85 12·36 −77 10·81 −85 10·74 −76
T05 9·67 −70 10·17 −75 12·09 −77 11·87 −86
T06 2·18 −58 9·39 −82 14·12 −84
T07 3·93 −69 5·79 −81 7·95 −78 11·90 −80
T08 6·10 −69 3·28 −64 7·52 −78 12·53 −84 12·50 −75
T09 2·16 −58 12·46 −87 14·34 −76
T10 7·35 −77 1·31 −63 7·34 −79 13·97 −83 16·27 −80 16·58 −86
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Figure 8. Sitemap of the test site and indoor and outdoor TPs.

Table 7. The final test results from HIOD.

Indoor TP IOD result Outdoor TP IOD result

P01 R1_I T01 R2_O
P02 R2_I T02 R3b_O
P03 R1_I T03 R3b_O
P04 R1_I T04 R2_O
P05 R2_I T05 R2_O
P06 R1_I T06 R2_O
P07 R1_I T07 R2_O
P08 R1_I T08 R2_O
P09 R2_I T09 R2_O
P10 R1_I T10 R1_O

example, the HIOD processes at T2, T3 and P2 were not straightforward but required the involvement
of additional rules.

5. Conclusions and further work

This paper presents a novel HIOD approach for recognising whether a smartphone user is located
either indoors or outdoors through a set of rules. The HIOD approach provided a feasible and effective
user IOD model using the available smartphone sensors, front-edge positioning and range estimation
technologies. The HIOD approach mainly adopted the multilateration positioning method, and also
considered the ideas from fingerprinting and machine learning. It not only used the latest Wi-Fi ranging
measurement technology (i.e., the FTM technology) but also absorbed the essence of traditional Wi-Fi
RSSI. Meanwhile, various surrounding environmental factors were also carefully considered, including
a two-level SNR threshold concept proposed for the first time. In addition, the received Wi-Fi and GPS
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Table 8. The HIOD occupation probabilities with Rules 1, 2 and 3.

Rule 1 Rule 2 Rule 3

Indoor probability 70% 30% 0%
Outdoor probability 10% 70% 20%
Probability of Rules 1 & 2 90% 10%

signals were also organically integrated. The final experimental results showed that the HIOD approach
achieved a 100% IO detection rate.

In the future, the HIOD approach will be further examined using more smartphones and under
kinematic status.
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