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ABSTRACT
This paper presents a method for estimating a user’s indoor
location without using training data collected by the user in
his/her environment. Specifically, we attempt to predict the
user’s location semantics, i.e., location classes such as re-
stroom and meeting room. While indoor location information
can be used in many real-world services, e.g., context-aware
systems, lifelogging, and monitoring the elderly, estimating
the location information requires training data collected in an
environment of interest. In this study, we combine passive
sensing and active sound probing to capture and learn inher-
ent sensor data features for each location class using labeled
training data collected in other environments. In addition, this
study modifies the random forest algorithm to effectively ex-
tract inherent sensor data features for each location class. Our
evaluation showed that our method achieved about 85% ac-
curacy without using training data collected in test environ-
ments.
ACM Classification Keywords: H.3.4 Information storage and re-
trieval: Systems and software.
Author Keywords: Indoor positioning; passive sensing; active
probing

INTRODUCTION
Due to the recent advances in sensing technologies, several
wearable lifelogging devices such as Narrative Clip and Go-
Pro are now commercially available. Also, commercial smart
devices including smartphones, smart watches, and smart
glasses are already equipped with various sensors, and these
devices are used to collect data from our daily life. Us-
ing daily-life sensor data collected by such devices, con-
text recognition methods such as activity recognition and
indoor positioning have been actively studied in the ubi-
comp research community. Activity recognition studies em-
ploy body-worn sensors including acceleration sensors, gy-
roscopes, and microphones to recognize daily activities such
as walking, running, and house cleaning [5, 27, 28, 30, 29].
Indoor positioning studies rely on signaling technologies, for
example, infrared [48], ultrasound [33], active sound probing
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[12, 45], Bluetooth [47], and Wi-Fi [25, 42]. The recognized
context information can be used in real-world services, e.g.,
context-aware systems, lifelogging, and surveillance of the
elderly [18, 31]. In addition, the information is used to label
lifelog data such as egocentric videos recorded by wearable
cameras [7].

Many of the existing context recognition systems rely on su-
pervised machine learning techniques and assume that train-
ing data are collected by a user in his/her daily environment.
However, collecting and labeling sensor data by average per-
sons is difficult and impractical. In this study, we propose a
method for estimating a user’s indoor location without using
training data collected by the user. Specifically, we attempt
to predict the user’s location semantics, i.e., location classes
such as restroom and meeting room without using training
data collected by the user. That is, our goal is to estimate
a type of geographic location rather than estimate a specific
location amongst a defined set of locations.

Existing data mining studies have tried estimating location
semantics such as workplace, cafe, and home using GPS
and GSM trajectory data [19, 26, 52]. The estimated loca-
tion semantics can be used for recommending travel routes
and shops, and understanding daily activities. In contrast,
this study attempts to estimate room-level location semantics,
which is also useful for understanding a user’s daily life be-
cause the user’s room-level location strongly relates to the
user’s activity. When a user is estimated to be located in a
restroom, for example, we can easily estimate that the user is
using the toilet. The estimated location semantics can also be
used to label lifelog data. Furthermore, the location seman-
tics can be used to adaptively control lifelogging devices, e.g.,
turning off a wearable camera such as Narrative Clip when a
user enters a restroom.

To estimate location semantics, we attempt to learn inherent
sensor data features for each location class such as restroom
and meeting room. In this study, we combine passive sens-
ing and active probing to capture and learn inherent sensor
data features for each location class using labeled training
data collected in other environments. This approach enables
us to predict a user’s location semantics without using labeled
training data collected by the user. In this study, we passively
capture environmental features of each location class using
sensors such as magnetometers and barometers. As for active
probing, we probe the environment by emitting a sound chirp
and then analyze the impulse response (IR). The active sound
probing permits us to capture features of an environment such
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as the shape, dimension, ability to absorb sound, construction
materials, and objects inside the environment. Because the
active sound probing requires sound emission by a speaker,
we assume that a wearable device including a smart watch or
wearable camera device is attached to or clipped on the body.
In our experiment, we attach a smartphone around the neck as
shown in Fig. 1. While our experiment uses a smartphone to
collect data, we believe that wearable devices such as smart
glasses and smart watches are suitable for our purpose since
smartphones are usually in a pants pocket or bag.

In addition, this study modifies the random forest algorithm
[8] to effectively extract inherent sensor data features for each
location class. The original random forest algorithm con-
structs trees focusing only on classification performance of
training instances. In contrast, we attempt to find sensor data
features common to multiple environments, which will be the
inherent sensor data features for each location class.

In this study, we focus on laboratory/office environments and
attempt to estimate location semantics, i.e., a location class.
When a user is in a room, for example, our method pre-
dicts a location class of the user’s location such as meeting
room, cafeteria, restroom, or office (desk). The estimation
results can be useful in applications such as work manage-
ment, automated daily work journaling, and maintenance of a
work/break balance.

We briefly explain the procedures of our method using Fig. 2.
The proposed method processes and analyzes daily life sensor
data collected from a user for a long duration, e.g., one-day
data. The method first detects places where the user stayed for
a long time using acceleration data (hereinafter simply called
places). After detecting places, we cluster the places based on
similarities in Wi-Fi signals collected at the places. With this
clustering, detected places corresponding to the same room
are grouped into one cluster. We then estimate a location class
to which each cluster belongs using active probing and pas-
sive sensing.

The above mentioned clustering using Wi-Fi signals is not
necessarily required to estimate a location class of a user’s lo-
cation. However, this clustering approach permits us to asso-
ciate each cluster with its Wi-Fi signature, i.e., Wi-Fi finger-
print, observed at the cluster location in advance. Therefore,
after the association and semantic estimation of the clusters,
we can estimate the user’s current location semantics using
only Wi-Fi data collected by the user’s smartphone without
performing active probing.

The contributions of this study are described as follows.
(1) To the best of our knowledge, this is the first study that
predicts a user’s room-level location semantics combining ac-
tive proving and passive sensing without using training data
collected by the user in his/her environment. (2) We mod-
ify the random forest algorithm to extract inherent sensor
data features for each location class. (3) We evaluate our
method using sensor data collected in four different real of-
fice/laboratory environments.

In the rest of this paper, we first introduce work related to in-
door positioning. Then, we describe the design of our method

Speaker

Microphone

Figure 1. Smartphone attachment for performing active probing and
passive sensing (Google Nexus 6P)
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Figure 2. Procedures of estimating indoor location semantics

for estimating indoor location semantics. In the evaluation,
we test our method using sensor data obtained in real envi-
ronments.

RELATED WORK

Wi-Fi indoor positioning with no/few training data
Here we introduce studies that attempt to reduce the burdens
related to constructing a Wi-Fi fingerprint database. Jiang et
al. [20] attempt to learn a fingerprint for each room auto-
matically by clustering Wi-Fi scan data observed in a user’s
daily life with the help of acceleration sensors. Pulkkinen
et al. [34] employed semi-supervised manifold learning to
obtain dense labeled fingerprints from partially labeled fin-
gerprints. The authors constructed a non-linear projection
that maps high-dimensional signal fingerprints onto a two-
dimensional manifold. Several studies construct radio maps
with no supervision by using simultaneous localization and
mapping (SLAM) techniques [15, 37]. Hardegger et al. [17]
perform SLAM based on the fact that certain daily activities
are performed at particular places (e.g., sleeping in a bed-
room). Rai et al. [36] also attempt to automatically construct
radio maps with the pedestrian dead reckoning (PDR) tech-
nique. Similarly, Taniuchi et al. [43] collect fingerprints with
PDR techniques for automatic radio map update.

Indoor positioning with active sound probing
In several mobile computing studies [53, 10], sound beacon-
ing has been employed to estimate relative positions to other
devices. Kunze et al. [23] propose an absolute positioning
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method that estimates where a phone is placed combining vi-
bration and short, narrow frequency beeps to sample the re-
sponse of an environment.

Rossi et al. [38] propose an indoor positioning method using
smartphones based on active sound fingerprinting. The au-
thors measure impulse response at each indoor position and
train a classifier that predicts a user’s current position using
the observed impulse response. In contrast, our study at-
tempts to predict a location class by extracting inherent sensor
data features for each location class combining active prob-
ing and passive sensing. Tung et al. [45] also employ ac-
tive sound probing for indoor location tagging and achieve
1cm resolution. Similar to our study, Fan et al. [12] at-
tempt to estimate a location class using active sound prob-
ing. However, the study focuses only on a restroom class to
adaptively turn on/off a wearable camera to preserve privacy
of a user. In contrast, we tackle multi-class classification in
office/laboratory environments combining active probing and
passive sensing, and design a classifier that can capture in-
herent sensor data features for each location class. Also, we
employ synchronous averaging techniques for active sound
probing to cancel out environmental noises, which are not in-
vestigated in the above studies.

Indoor positioning with other sensors
Passive sound fingerprinting is usually used to locate a user
or understand a user’s location context. Tarzia et al. [44] ex-
tract sound fingerprints based on acoustic background spec-
trum of rooms to locate a smartphone user. Similar to Wi-
Fi fingerprinting, collected fingerprints are stored in a finger-
print database in advance. In addition to acoustic features,
Azizyan et al. [3] employ acceleration, image, Wi-Fi, and
light features obtained from smartphone sensors to estimate
logical location labels of stores such as Wal-Mart and Star-
bucks. These passive sound based methods require training
data collected in environments of interest.

Several studies employ a magnetometer in a smartphone to
locate the smartphone user by employing magnetic finger-
prints because indoor environments have objects that show
high magnetic field values such as pillars and electrical ap-
pliances [46, 16]. Barometers are also used to understand a
user’s indoor position and trajectory, e.g., floor level estima-
tion and detection of climbing and descending stairs [4, 2].

In addition to the above sensors, a light sensor, camera, and
NFC reader have been used to locate a user and understand
a user’s location context [32, 51, 54]. However, the camera-
based method may generate privacy concerns.

Bao et al. [6] attempt to estimate room-level location seman-
tics using features such as average duration of stay, maximum
duration of stay, and frequency of visits. In contrast, we at-
tempt to capture inherent sensor data features for each loca-
tion class.

PROPOSED METHOD

Overview
Figure 3 shows an overview of our method. Our proposed
method mainly consists of two phases; training and test

Active probing 
and passive sensing

Training phase

Feature extraction
Environment-

independent learning

Test phase

Acceleration based
place detection

Wi-Fi based 
place clustering

Feature extraction
Semantics
estimation

classifier

Figure 3. Overview of our proposed method

Table 1. Smartphone sensors used in this study
sensor sampling rate use

accelerometer 30 Hz place detection
Wi-Fi module 0.1 Hz place clustering
magnetometer 30 Hz semantic estimation

barometer 30 Hz semantic estimation
microphone 44.1 kHz semantic estimation

phases. In the training phase, training data are collected in
several environments and a classifier for estimating a location
class is trained. In the test phase, a user collects unlabeled
sensor data using a sensor device such as a smartphone in
his/her environment. Our method first detects places where
the user stayed for a long time using acceleration data. After
that, the method clusters the detected places based on simi-
larities in Wi-Fi signals collected at the places. The method
then extracts features from sensor data collected at each loca-
tion cluster by means of active probing and passive sensing.
The method finally estimates a location class to which each
cluster belongs using the extracted features and the classifier
trained on sensor data from other environments. We explain
the procedures of our method in detail.

Sensor data collection
In the training phase, sensor data are manually collected using
active probing and passive sensing at various places whose
location classes are known. In this study, we passively collect
magnetic sensor data, barometric pressure data, and sound
data, which are usually used in existing indoor positioning
studies as mentioned in the related work section. As for active
probing, we measure impulse responses.

In the test phase, we assume that a user’s sensor device such
as smartphone always collects acceleration data. When the
user is estimated to be staying still, the smartphone automati-
cally collects Wi-Fi signals and sensor data using active prob-
ing and passive sensing.

Table 1 summarizes sensors used in our study.

Acceleration based place detection
Our method processes and analyzes daily life sensor data col-
lected from a user for a long duration. As shown in the upper
portion of Fig. 2, we first find places where the user stayed
for a long time using acceleration data. When acceleration
data from the user’s smartphone are stable, we simply assume
that the user is stationary. To accomplish this, we compute
the variance for each sliding time window, i.e., moving vari-
ance, and find segments whose variance values are smaller
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Figure 4. Dendrogram of hierarchical clustering constructed using sen-
sor data collected in our experimental environment

than a threshold. Note that, because the acceleration sensor
in a smartphone is three-axis, we compute the variance value
for each axis and average them. Segments whose durations
are longer than a threshold correspond to places where the
user stayed for a long time.

Wi-Fi based place clustering
We cluster the detected places based on Wi-Fi RSSI signals
in order to group detected places corresponding to the same
room into one cluster. A Wi-Fi RSSI scan consists of pairs
of the unique MAC address of an AP and the received signal
strength from the AP. Because we can observe multiple scans
at each place, we first average the scans to construct a repre-
sentative scan of the place. Based on the average scans, we
cluster the places.

In order to cluster averaged scans, we need to compute the
distance between two scans. Note that, because a scan in-
cludes signal strengths from only observed APs, the numbers
of APs included in different scans are different. Assume that
we compute the distance between scan si and scan sj . When
signal from AP an is included only in si, we regard the signal
strength from an in sj as -100 dBm, which corresponds to the
minimum signal strength value. Then, the distance between
si and sj is computed by

d(si, sj) =
1

|A|
∑

an∈AP

|si(an)− sj(an)|,

where A is a set of APs that are included in si or sj , and
si(an) is signal strength from an included in si.

We cluster scans (places) using agglomerative hierarchical
clustering [21] based on the above Wi-Fi distances. The ag-
glomerative hierarchical clustering is a bottom-up approach
where each data point starts in its own cluster and a pair of
the closest clusters is iteratively merged as one. In the ag-
glomerative hierarchical clustering, we use Ward’s minimum
variance criterion [49] to compute the distance between two
clusters. In this study, we merge clusters until we cannot find
a pair of clusters having the distance smaller than a threshold.

Figure 4 shows a constructed dendrogram in the hierarchical
clustering using sensor data collected in our experimental en-

vironment. As shown in the dendrogram, Wi-Fi signals col-
lected in the same places are similar to each other.

Each computed cluster corresponds to a particular room and
we then estimate location semantics of the cluster.

Feature extraction
We assume that, in the training phase, sensor data are man-
ually collected at various places whose location classes are
known, i.e., via a site survey. During the test phase, a
user’s smartphone intermittently collects sensor data (using
20-second intervals in our implementation) when the user is
stationary. We extract features from this sensor data, which
will be used to train a classifier and test it. We passively
collect sensor data from a magnetometer, barometer, and mi-
crophone. As for active probing, we emit a sound chirp and
then analyze the impulse response. Note that, when we start
recording sounds for active probing, we also activate the mag-
netometer and barometer and collect data for one second. Af-
ter finishing the sound recordings, we again activate the mi-
crophone to passively record environmental sounds. For each
sensor data segment, we extract features and construct a fea-
ture vector concatenating the extracted features. We explain
how we extract sensor data features in detail.

Magnetic sensor data
As mentioned in the related work section, indoor environ-
ments have objects that show high magnetic field values. For
example, Fig. 5 (a) shows time series data of variances of
magnetic sensor readings, i.e., moving variance computed for
each sliding window, collected when a person was in an ele-
vator. Due to the motors and permanent magnets of the eleva-
tor, the sensed magnetic data fluctuated greatly. Also, in our
preliminary experiment, we found that magnetic sensor data
are stable in many rooms when a user stays still as shown in
Fig. 5 (b). In contrast, magnetic sensor data fluctuate when a
person is at outdoor or semi-outdoor places such as a smok-
ing area as shown in Fig. 5 (c). This may be because out-
door and semi-outdoor environments are not surrounded by
steel materials unlike indoor environments, and thus experi-
ence more magnetic fluctuations. Also, as shown in Fig. 5
(d), the magnetic data collected in a cafeteria also showed
higher fluctuation. In such crowded environments, the mag-
netic sensor data are affected by other persons in the area. In
order to capture these fluctuations in magnetic sensor data,
we use the variance of a collected magnetic sensor data seg-
ment as a feature. Note that, because the magnetometer used
in this study is three-axis, we compute the variance value for
each axis and average them.

Barometric pressure data
As shown in Fig. 5 (a), magnetic sensor data collected in
an elevator sometimes show large variance values. However,
these values depend on product types of elevators and thus
will not be inherent features for this class. Meanwhile, sev-
eral smartphone-based context recognition studies employ a
barometer to detect door open/close events of buildings with
HVAC systems, which maintain a comfortable indoor tem-
perature and pressure [50]. In addition to the indoor context,
the barometer can be used to detect changes in altitude when
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Figure 5. Variances of magnetic data collected in (a) elevator, (b) desk, (c) smoking area, and (d) cafeteria
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Figure 6. Variances of barometric pressure data collected in (a) elevator
and (b) desk

a user is in an elevator. We believe that changes in the barom-
eter sensor data can be observed in any elevators. Fig. 6 (a)
shows time series data of variances of barometric pressure
data observed in an elevator. Also, Fig. 6 (b) shows time
series data of variances of barometric data observed in an of-
fice. As shown in the figure, barometric pressure data greatly
fluctuate in the elevator. To capture the fluctuations, we use
the variance of a collected barometric pressure sensor data
segment as a feature.

Sound data
This study also employs environmental sounds passively
recorded by the smartphone. With the recorded sound, we
attempt to capture acoustic features that indicate a user’s lo-
cation such as the sound of a crowd of people or the sound
of wind. In [11], the Mel-Frequency Cepstral Coefficient
(MFCC) is reported to be the best transformation scheme for
environmental sound recognition. Chen et al. [9] achieves
highly accurate recognition of bathroom activities such as
showering, flushing, and urination by using the MFCC fea-
tures. This study also uses a 13 order MFCC of each captured
sound segment windowed by a Hamming window.

Impulse response
Impulse responses permit us to measure and capture the
acoustic characteristics of a space. Since an impulse is a sig-
nal that is 1 at time zero and zero otherwise, containing all fre-
quencies in frequency domain equally, the impulse response
contains all acoustic information about a space, e.g., a room,
between the audio source and receiver positions. Specifically,
impulse responses contain time-domain acoustic information
such as reflections, echoes and reverberation. Since factors
of a room such as the construction materials, shape, size, and
furnishings in the room affect the observed impulse responses

[24, 39], the impulse responses can be a useful fingerprint of
the room.

Note that the goal of this study is to capture an inherent fea-
ture for a location class. Because instances of the same loca-
tion class serve the same purpose, their environmental factors
are strongly correlated. For example, since a meeting room
is a place for meeting, it contains tables, chairs, projector
screens, and white boards. Also, a restroom contains lava-
tory basins, mirrors, and water resistant floors. Therefore,
impulse responses measured in the same class of locations
have similar fingerprints.

Since generating a very short and strong pulse, i.e., an im-
pulse, in real environments is difficult, several methods for
calculating impulse responses without actually generating an
impulse have been proposed [1, 41]. This study employs a
sine wave sweep that reportedly tolerates non-linearity and
time-variance very well, and does not require tight synchro-
nization between the sampling clock of the signal generator
and that of the digitizing unit employed for capturing the re-
sponse, which means that the measurement can be conducted
by a commercial smartphone [13, 14]. The mathematical def-
inition of the sine sweep is as follows:

x(t) = sin

[
ω1T

ln ω2

ω1

exp
t
T ln

ω2
ω1 −1

]
. (1)

This is a sweep which starts at angular frequencyω1 and ends
at ω2, taking T seconds. In this study, an excitation signal by
a smartphone is sweeping from 20 Hz to 20 kHz, and the
duration of the sweep is 0.1 seconds.

After our smartphone application starts recording sounds us-
ing the smartphone microphone, the application generates a
sine wave sweep. After the sine sweep stops, the applica-
tion continues to record for 0.5 seconds to capture the rever-
beration. The application also records a timestamp indicat-
ing the time when the sweep was emitted. We then obtain
the impulse response convolving the recorded audio with the
time-reversal-mirror of the emitted signal. Fig. 7 shows an
example of the computed impulse response, and we can find
substantial artifacts in the late part of the impulse response at
higher frequencies. They are caused by slight time variances
of the environment, e.g., noises generated by crowd of peo-
ple. To cancel out the high frequency noises, we employ syn-
chronous averaging of a number of distinct impulse responses
[14]. To do this, we generate a sine wave sweep several times
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and average the obtained impulse responses. Our application
emits sine wave sweeps at intervals of 0.75 seconds.

Note that there is a variable latency between a time when
our application requests the operation system to output a sine
wave sweep and the time when the OS actually plays the
sweep. To compute the synchronous average of the impulse
responses, we should detect the actual start time of the sweep.
When we compare two segments of impulse responses, we
find a time-shift between the two waveforms that maximizes
the correlation between them. Using the detected time-shift
values, we align the recorded impulse responses and then av-
erage them. Fig. 8 shows the result of the synchronous aver-
age of 16 impulse responses. As shown in the result, noises
in the late part of the impulse response are reduced.

We then extract features from the averaged impulse response.
Since we extract a 13-order MFCC for each sliding time win-
dow, 13 dimensional features, i.e., MFCC coefficients, are
computed for each window. Finally, we aggregate all the
MFCC coefficients of all the windows by computing the mean
value of each dimension.

Environment-independent learning
As above, we extract features from magnetic sensor data,
barometric pressure data, passively recorded sound data, and
impulse responses. We then construct a feature vector con-
catenating the extracted feature values, and classify the vec-
tor into an appropriate location class. To classify vectors col-
lected in an environment of interest, we employ a random
forest trained on labeled feature vectors collected in other en-
vironments. Because the training data contain training in-
stances from multiple environments, the trained classifier can
overfit a particular training environment. We show an exam-
ple using Fig. 9.

Figure 9 shows example nodes in decision trees, and the left
node splits training instances based on feature Fn and the
right node splits training instances based on feature Fm. The
circles and rectangles show instances belonging to class A
and class B, respectively. Also, green-colored instances are
collected in environment 1, and red-colored instances are col-
lected in environment 2. In the left node, an instance whose
value of Fn is smaller than 0.8 goes to the left branch; oth-
erwise the instance goes to the right branch. In contrast, in
the right node, an instance whose value of Fm is smaller than
0.3 goes to the left branch; otherwise the instance goes to the

Fn

<0.8 >=0.8

Fm

<0.3 >=0.3
: Class A

: Class B

: Env. 1

: Env. 2

Figure 9. Examples of splits in decision tree

right branch. The standard decision tree learning algorithm
learns the splitting rules based only on class labels, i.e., class
A vs class B, as mentioned in the related work section, and
the information gain of the left split is identical to that of the
right split.

Here we focus on instances that go to the left branch. Since
the instances belonging to class A in the left example are all
collected in environment 2, we can say that this splitting rule
overfits a sensor data feature of instances belonging to class
A collected in environment 2. In contrast, since the instances
belonging to class A in the right example are collected in both
the two environments (2 instances from environment 1 and 3
instances from environment 2), the splitting rule captures an
inherent sensor data feature for instances belonging to class
A.

Therefore, when we determine a splitting rule, we take into
account environments where training instances were col-
lected. As shown in Fig. 9, we introduce labels of environ-
ments and compute the information gain of a split using the
environment labels as well as class labels. The standard deci-
sion tree learning algorithm computes information gain based
only on class labels of instances. Based on the computed in-
formation gain, we find a split that yields little ambiguity in
terms of class labels. (See [35] for more detail about decision
tree learning.) In our proposed method, we employ environ-
ment labels in the computation of information gain in order
to find a split that yields great ambiguity in terms of environ-
ment labels as well as little ambiguity in terms of class labels.
Specifically, we compute modified information gain by

IG′(S) = Hc(S)−He(S)

−
∑

i∈{L,R}

|Si|
S

(
Hc(S

i)−He(S
i)
)
,

where Hc(S) shows Shannon entropy calculated based on
class labels and He(S) shows Shannon entropy calculated
based on environment labels. By subtracting information gain
computed based on environment labels from that computed
based on class labels, we can obtain a split that yields great
ambiguity in terms of environment labels as well as little am-
biguity in terms of class labels.

We employ the above criterion IG′(S) for constructing de-
cision trees used in the random forest. We classify feature
vectors collected at the same location cluster using the ran-
dom forest and determine the final result for the cluster based
on a majority vote.
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Table 2. Our experimental environments
environment department built in campus

1 Information science 2004 A
2 Information science 2015 A
3 Engineering 1992 A
4 Science 1966 B

desk meeting roomrestroom

elevator cafeteriasmoking area

Figure 10. Six different places in environment 2

EVALUATION

Data Set
To evaluate our method, we collected data from four different
office/laboratory environments (buildings) in our university,
which are listed in Table 2. One building is located at a dif-
ferent campus from the other buildings. In each environment,
a participant collected sensor data in six locations; desk, re-
stroom, meeting room, elevator, smoking area (outdoor rest-
ing place), and cafeteria. Since we have six different location
classes, this problem is a six-class classification problem. We
selected these six classes based on existing indoor positioning
studies using active probing [12, 38] and places where a par-
ticipant stayed for a long time in the participant’s daily life.
(We will introduce an evaluation using real life sensor data
later.) The desk class means a desk of a participant in an office
or laboratory. The smoking areas of the four environments are
outdoor or semi-outdoor places. Fig. 10 shows places in en-
vironment 2 used in our study. Also, Table 3 shows detailed
information about six locations in the four environments.

In each environment, a participant conducted 10 sessions of
data collection, visiting six different places in an arbitrary or-
der and performing activities related to the places. A smart-
phone (Google Nexus 6P) was attached around the neck as
shown in Fig. 1 during the experiment. Sensors used in the
experiment are listed in Table 1, and we also collected camera
images to obtain ground truth. The duration of each session
was about 10 minutes.

Evaluation methodology
Since the main contribution of this study is indoor semantics
estimation, this evaluation focuses on the classification accu-
racy for the estimation. As for the Wi-Fi based clustering, our
results did not have any errors, i.e., the purity was 1 and six
clusters were generated for each environment. The threshold
used in the hierarchical clustering was 6, which achieved the
best performance in our preliminary experiment.

We conducted our evaluation using “leave-one-environment-
out” cross validation, where sensor data from one environ-

Table 3. Detailed information about locations

env size (m) height (m) floor objects in place

desk

1 18×11 3 carpet laptop PC
2 18×10 3 carpet desktop, laptop, display
3 16×6 3 carpet desktop, display, whiteboard
4 7×4 2.5 tile display, laptop

restroom

1 6×4 2 linoleum
2 8×4 2 linoleum
3 4×3 2 tile
4 6×5 2 tile
1 11×7 3 carpet whiteboard, table

meeting 2 10×10 3 carpet blackboard, round table
room 3 10×10 4 tile blackboard, table

4 8×5 2.5 tile blackboard, table

elevator

1 2×1.5 2.5 tile mirror (1m), wall: felt
2 1.5×1.5 2.5 rubber mirror (2m), wall: felt
3 1.5×1.5 2.5 tile mirror (2m), wall: tile
4 1.5×1 2 tile wall: tile
1 n/a n/a tile

smoking 2 n/a n/a tile table, chair
area 3 n/a n/a concrete

4 n/a n/a tile table, chair

cafeteria

1 15×6 6 tile
2 25×15 6 tile
3 35×25 12 tile
4 30×18 4 tile

Table 4. Classification accuracy of methods
precision recall F-measure

Proposed 0.791 0.780 0.778
RF 0.763 0.760 0.754

only mag 0.190 0.235 0.174
only press 0.219 0.284 0.220
only sound 0.158 0.166 0.161

only IR 0.512 0.554 0.524

ment are used as test data and sensor data from the remaining
environments are used to train a classifier, using the following
methods.
- Proposed: This is our proposed method that employs mag-
netic and barometric pressure data collected using passive
sensing and impulse responses collected using active prob-
ing. This method trains an environment-independent random
forest classifier using environment labels. Note that here we
do not use sound data collected using passive sensing because
using the sound features degraded the classification perfor-
mance, which will be investigated in detail later.
- RF: This method also employs magnetic and barometric
pressure data collected using passive sensing and impulse re-
sponses collected using active probing. Note that this method
uses the standard random forest algorithm to train a classifier.
- only mag: This is also our proposed method when we
only use magnetic sensor data. This method also uses an
environment-independent random forest classifier.
- only press: This is also our proposed method when we only
use barometric pressure data.
- only sound: This is also our proposed method when we only
use sound data.
- only IR: This is also our proposed method when we only use
the impulse responses.

Classification accuracy for each of the above methods is
evaluated using the macro-averaged precision, recall, and F-
measure, calculated based on the classification results of fea-
ture vectors.
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A: desk

C: meeting room

B: restroom

D: elevator

F: cafeteria

E: smoking area

A      B       C      D      E       F

Figure 11. Visual confusion matrix for Proposed

Table 5. Classification accuracies of Proposed for six location classes
precision recall F-measure

desk 0.778 0.525 0.627
restroom 0.729 0.833 0.778

meeting room 0.735 0.878 0.800
elevator 0.941 0.842 0.889

smoking area 0.708 0.850 0.773
cafeteria 0.857 0.750 0.800

Results

Classification performance
Table 4 shows the average precision, recall, and F-measure
of Proposed. Surprisingly, our method could achieve about
78% average F-measure while this method does not use train-
ing data collected in a test environment. Fig. 11 shows a
visual confusion matrix for Proposed created based on clas-
sification results of feature vectors. Our method accurately
estimated location semantics of the test instances combining
passive sensing and active probing while the accuracies for
the desk class are somewhat poor. Since we employ “leave-
one-environment-out” cross validation, our method could de-
tect these location classes without using labeled training data
collected in a test environment.

The accuracies for the desk class were somewhat poorer than
those for the other classes. As shown in Fig. 11, several desk
instances are mistakenly classified into the meeting room
class. Also, Table 5 shows the classification accuracies for
the six location classes. This may be because sensor data fea-
tures for desk places in different environments are somewhat
different. For example, while desktop PCs were placed on
the desks in environments 2, 3 and 4, a laptop PC was placed
in environment 1. Also, a whiteboard is placed around the
desk in environment 3. Because whiteboards are also placed
in meeting rooms, IR features related to these objects degrade
the accuracies for the desk class.

In addition, the smoking area and cafeteria instances were
somewhat confusing as shown in Fig. 11. This may be be-
cause the smoking area and cafeteria are large places and IR
features related to reverberation are similar to each other.

Table 4 also shows the accuracies for RF, which employs
the standard random forest algorithm. As shown in the re-
sult, we can confirm the effectiveness of our environment-
independent learning method, and the improvement was
about 2.4%.

Table 6. Classification accuracies of Proposed for four environments
environment precision recall F-measure

1 0.801 0.768 0.769
2 0.893 0.886 0.885
3 0.791 0.780 0.778
4 0.807 0.788 0.791

Table 7. Classification accuracies when we do not use magnetic, baro-
metric pressure, sound, or IR features

precision recall F-measure
all 0.586 0.587 0.581

w/o mag and sound 0.773 0.760 0.754
w/o press and sound 0.588 0.609 0.594

w/o IR and sound 0.179 0.240 0.198
w/o sound 0.791 0.780 0.778

Classification performance for each environment
Table 6 shows the classification accuracies of Proposed for
the four environments. As shown in the result, our method
could achieve good accuracies in the environments. The ac-
curacies for environment 1 were somewhat poorer than those
for the other environments because the accuracies related to
the smoking area and cafeteria were poor. Fig. 12 shows
confusion matrices of Proposed for the four environments.
As shown in Fig. 12 (a), many cafeteria instances were mis-
takenly classified into the smoking area class. This may be
because the cafeteria in environment 1 is somewhat smaller
than the cafeterias in the other environments. In environment
3, several desk instances were mistakenly classified into the
meeting room class. This is because a whiteboard is placed
around the desk in environment 3 as mentioned above.

Contributions of sensors
Table 4 also shows the classification accuracies when we use
only a single sensor. As shown in the results, the IR was the
best contributor and only IR achieved about 50% accuracies.
Fig. 13 shows confusion matrices of only mag, only press,
only sound, and only IR. As shown in Fig. 13 (d), it was dif-
ficult for only IR to correctly estimate location semantics of
the desk and elevator instances. Also, the sound features were
useful for detecting the cafeteria instances as shown in Fig.
13 (c) because they can capture information about ambient
sounds such as crowd of people. However, the overall accu-
racies were quite poor. In addition, the magnetic and baro-
metric pressure sensor data features are useful for detecting
only the elevator instances. Because only IR cannot precisely
detect the elevator instances, we can say that the magnetic and
barometric pressure sensor data are served to complement the
IR features.

Table 7 shows the classification accuracies when we do not
use a particular sensor(s). Note that all uses all the sensor
data features including sound features collected using pas-
sive sensing. As shown in the results, w/o mag and sound
greatly outperformed w/o press and sound, and we can say
that the barometric pressure sensor is much more useful than
the magnetic sensor. This is because, as shown in Fig. 5
(a), the magnetic feature values do not always exhibit high
variance values. In contrast, as shown in Fig. 6 (a), the baro-
metric pressure feature values are always large when an ele-
vator moves. Also, as shown in Table 7, using the sound fea-
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(a) environment 1

A: desk

C: meeting room

B: restroom

D: elevator
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(b) environment 2

A: desk

C: meeting room

B: restroom

D: elevator

F: cafeteria

E: smoking area
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(c) environment 3

A: desk

C: meeting room

B: restroom

D: elevator

F: cafeteria

E: smoking area
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(d) environment 4
Figure 12. Visual confusion matrix of Proposed for each environment
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(a) only mag
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(b) only press
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(c) only sound
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(d) only IR
Figure 13. Visual confusion matrices for only mag, only press, only sound, and only IR
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averaged and F-measure

Table 8. Classification accuracies of Proposed for six location classes cal-
culated based on classification results of location clusters in each session

precision recall F-measure
desk 1.00 0.487 0.655

restroom 0.975 1.00 0.987
matting room 0.796 0.975 0.876

elevator 0.975 0.975 0.975
smoking area 0.792 0.950 0.864

cafeteria 0.714 0.750 0.732
average 0.875 0.856 0.848

tures degraded the classification accuracy (all vs w/o sound).
While the sound features were useful for detecting the cafe-
teria instances as is shown in Fig. 13 (c), we confirmed that
the sound features degraded the classification accuracies for
the desk, restroom, and meeting room classes because these
places are quiet.

Effect of synchronous averaging
The above results were obtained using the synchronous aver-
aging of 16 impulse responses. Here we investigate the num-
ber of impulse responses to be averaged. Fig. 14 shows the
transition of the average F-measure for Proposed when we
change the number of impulse responses to be averaged. As
shown in the result, the F-measure gradually increases as the
number of impulse responses becomes large.

A: desk

C: meeting room

B: restroom

D: elevator

F: cafeteria

E: smoking area

A      B       C      D      E       F

Figure 15. Visual confusion matrix for Proposed calculated based on
classification results of location clusters in each session
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Figure 16. Transition of F-measures for Proposed when we changed the
amount of training data

Amount of training data
We collected additional training data in 30 different locations.
(5 locations for each location class) Fig. 16 shows the tran-
sition of the F-measures for Proposed when we changed the
number of training locations. As shown in the result, the F-
measure does not change even when we increase the amount
of training data. To further improve the accuracy, we believe
that additional information (e.g., time when a user visits a lo-
cation) is required.
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Figure 17. Dendrogram of hierarchical clustering constructed using real
life sensor data collected in environment 2

Classification performance based on location clusters
The above results were computed based on classification re-
sults of feature vectors. Based on the predicted location
classes of the feature vectors, we can determine a location
class for each location cluster using a majority vote. Table
8 and Fig. 15 show the results computed based on the clas-
sification results of the clusters. Because the majority vote
reduces the effect of sporadic errors, we could achieve high
accuracy of about 85%.

In particular, the accuracies for restroom and elevator were
very high. When the elevator is not moving, barometer data
do not change and thus the accuracies for elevator decreases.
However, by aggregating classification results of feature vec-
tors, we could greatly improve the accuracy. Also, Wi-Fi sig-
nals in a restroom are stable because there are few people.
Therefore, the Wi-Fi-based majority vote worked well.

Evaluation using real life data
We collected sensor data in a participant’s real life for a day in
environment 2. Fig. 17 shows a constructed dendrogram from
the collected Wi-Fi data. In addition to instances belonging
to the six location classes, our acceleration based place detec-
tion method found a place corresponding to a university office
because the participant was called to the office. However, this
is an unusual event and it was difficult for us to collect long-
term training data at a department office in each environment,
we used the remaining six location classes in this study.

Figure 18 shows a visual confusion matrix computed based
on classification results of feature vectors. While the average
F-measure was 0.517, the average F-measure computed based
on classification results of location clusters was 1.00. This
is because we could determine the final classification results
based on sensor data collected for a long time using a majority
vote.

DISCUSSION

Device heterogeneity
We collected additional sensor data using a Google Nexus 5
in environment 2 to investigate the effect of the device het-
erogeneity. We train a classifier on training data collected by
Google Nexus 6P in environments 1, 3, and 4, and test sensor
data collected by Nexus 5 in environment 2. The average F-
measure was only 0.520, and all desk and restroom instances
were mistakenly classified into the meeting room class. This
may be caused by the differences in microphone sensitivity

A: desk

C: meeting room

B: restroom

D: elevator

F: cafeteria

E: smoking area

A      B       C      D      E       F

Figure 18. Visual confusion matrix for Proposed using real life data com-
puted based on classification results of feature vectors

and positions of the microphones (and speakers) in the two
smartphones. While we found that device-dependent training
is required, our experiment revealed that using training data
from only three environments achieves accurate estimation.

We can also cope with this problem by learning sound-feature
differences between two different devices. By recording the
same sound using the two devices, we can calculate a trans-
formation matrix that transforms sensor data collected by one
device to those by another device. The implementation of this
is a part of our future work.

Time dependence of sensor data
In our experiment, we collected sensor data at cafeterias dur-
ing lunch hour because people usually visit cafeterias dur-
ing lunch hour. Note that, sensor data collected during lunch
hour and the other hours are different because the number of
customers is different. Since our method relies on machine
learning techniques, we should collect data at various hours
to cope with the problem.

Energy consumption
We assume that acceleration sensors are always on, and we
collect data from other sensors only when a user is estimated
to be staying still. While the energy consumption of a Wi-
Fi module is much higher than that of an acceleration sensor
(about six times [22]), we assume that we collect Wi-Fi data
(and magnetic and pressure sensor data) for only several sec-
onds at each place. Also, the energy consumption of mag-
netic sensors, barometers, and speakers are low [40]. While
the energy consumption of a microphone is high (about half
of Wi-Fi) [22], we turn on the microphone for only about 10
seconds at each place.

CONCLUSION
This paper presented a method for predicting the user’s lo-
cation semantics without using training data collected by the
user in his/her environment. In this study, we combined pas-
sive sensing and active sound probing to capture and learn
inherent sensor data features for each location class using la-
beled training data collected in other environments. As a part
of our future work, we plan to implement our sound probing
application on a smart watch to enhance the feasibility of our
approach.
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Stephen Kobourov, Margaret Martonosi, James
Rowland, and Alexander Varshavsky. 2011. Identifying
important places in people’s lives from cellular network
data. In Pervasive 2011. 133–151.

20. Yifei Jiang, Xin Pan, Kun Li, Qin Lv, Robert P Dick,
Michael Hannigan, and Li Shang. 2012. ARIEL:
Automatic Wi-Fi based room fingerprinting for indoor
localization. In Ubicomp 2012. 441–450.

21. Stephen C Johnson. 1967. Hierarchical clustering
schemes. Psychometrika 32, 3 (1967), 241–254.

22. Christine E Jones, Krishna M Sivalingam, Prathima
Agrawal, and Jyh Cheng Chen. 2001. A survey of
energy efficient network protocols for wireless
networks. wireless networks 7, 4 (2001), 343–358.

23. Kai Kunze and Paul Lukowicz. 2007. Symbolic Object
Localization Through Active Sampling of Acceleration
and Sound Signatures. UbiComp 2007 (2007), 163–180.

24. Heinrich Kuttruff. 2009. Room acoustics. CRC Press.

25. Anthony LaMarca, Yatin Chawathe, Sunny Consolvo,
Jeffrey Hightower, Ian Smith, James Scott, Timothy
Sohn, James Howard, Jeff Hughes, Fred Potter, and
others. 2005. Place lab: Device positioning using radio
beacons in the wild. In Pervasive 2005. 116–133.

26. Byoungyoung Lee, Jinoh Oh, Hwanjo Yu, and Jong
Kim. 2011. Protecting location privacy using location
semantics. In KDD 2011. 1289–1297.

27. Hong Lu, Wei Pan, Nicholas D. Lane, Tanzeem
Choudhury, and Andrew T. Campbell. 2009.
SoundSense: scalable sound sensing for people-centric
applications on mobile phones. In MobiSys 2009.
165–178.

28. Paul Lukowicz, Jamie A Ward, Holger Junker, Mathias
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