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Abstract—We investigate the recognition of phone placement
in the vicinity of their user using different pattern classification
strategies and phone-integrated sensors. The novel approach in
our work is to use RFID tags for annotating phone placement.
We use the NFC function of smartphones to continuously read
tags during training data acquisition at different phone sites. We
show that the RFID-based annotation approach requires minimal
effort from users to acquire annotated data, enabling users
to personalise phone placement recognition. In an evaluation
study with 39 hours of phone placement recordings from six
participants and four frequently used phone sites, we compare
the annotation accuracy of our RFID-based approach to expertverified annotations. Our results show that RFID-based annotations perform approx. 2% below the expert-verified variant.
Personalised classification models outperform models trained
from all participants, suggesting that our RFID-based approach
is viable for a personalised phone placement recognition. Subsequently, we analyse the amount of training data, sensors, and
features required to achieve an average recognition rate of 80%.
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I.

I NTRODUCTION

in particular when applied in daily life, where behaviour
should be minimally influenced (see section on related works
for details). Specifically, for obtaining a reference on phone
placement, RFID-based tagging can become an alternative
annotation approach. RFID tags can be placed at relevant sites
where the phone is kept in daily life. When the phone passes
these sites, the tags are automatically scanned using the NFC
reader function in modern phones. The tag thus provides a
unique signature of phone placement without manual annotation efforts. Consequently, the RFID-based annotation method
could enable users to conveniently personalise phone placement recognition by recording individual placement behaviour.
In this work, we analyse the performance of phone placement recognition based on classification models trained from
RFID-based annotations. We compare recognition performance
against a classic, expert-verified annotation approach and an
unsupervised clustering method. In all analyses, we used the
expert annotations as ground truth when evaluating performance. We evaluate the annotation methods in four phone sites
that are typically considered in daily life phone use, according
to [3]. We consider this evaluation essential to validate the
RFID-based annotation approach against classic methods to
obtain a ground truth reference.

Accurate information about momentary smartphone placement in the user’s vicinity is often fundamental to interpret
the phone’s sensor data and user context. For example, a
phone context service may use inertial sensor readings to
recognise locomotion-related activities when the phone is worn
in cloths [1]. When placed on a table, the microphone may
be given priority to estimate context from ambient sound [2].
However, determining phone placement in worn cloths, bags
near the user, etc. is challenging in unconstrained, daily life
situations. While phone placement could be recognised from
the phone’s built-in sensor signal patterns, obtaining labelled
sensor data to train pattern models of different phone placements is cumbersome. Reference information, e.g. on phone
placement, is not only needed for supervised pattern model
training, but serves also as ground truth to verify recognition
performance. Moreover, various activity and context recognition studies confirmed that using participant-specific data
for training yields better recognition performance compared
to population-average models. However, personalising recognition models is often considered infeasible due to lacking
labelled training data.

A. Annotation methods

Several methods have been applied to obtain accurate
reference information in activity and context recognition. Besides observation studies, where an expert annotates behaviour,
participant self-reporting was frequently used. Both, expert
and self-reported annotation methods suffer from limitations,

Expert annotations, i.e. as obtained in observational studies
by a study observer are known to have a high accuracy. These
annotations are however expensive or infeasible to obtain
in free-living studies, where participant behaviour should be
minimally influenced. In particular, observational studies are

In particular, this paper makes the following contributions:
1)

2)

We present our approach to automatically annotate
phone placement by placing RFID tags at typical
phone sites in daily life. In an evaluation study with
six users performing various activities in their own
daily routine, we compare recognition accuracy of
classifiers trained from RFID-annotated data against
an expert-verified ground truth.
We compare recognition performances between personalised classification models against baselines of
(1) a user-adapted recognition and (2) an unsupervised data clustering to illustrate performance gains.
By evaluating commonly available phone sensors,
such as inertial sensors, light, and proximity, we
show the practicality of our RFID-based annotation
approach to personalise phone placement recognition.
II.

R ELATED WORK

intrusive to the participant’s privacy in laborious for observers
that need to annotate during the study recordings and verify
annotations in a post-recording step.
User diaries or other forms of self-reporting behaviour
are known to affect user behaviour and may incur substantial errors if performed for long durations [4]. Furthermore,
user annotations increase the workload for study participants.
For example, Van Laerhoven et al. [5] used daily self-recall
annotation during an activity recognition study of approx. one
month. At the end of each day, participants assigned labels to
the data by recalling activities performed throughout the day.
In contrast to self-reporting, our RFID tag-based annotation
approach does not rely on recall of study participants and does
not require user annotations.
The authors of [6] record housekeeping activities using
RFID tags and a wrist-worn sensor. They annotated data using
video footage. Approaches where participants carry annotation
tools, such as video or audio recorders, or where video monitoring is used, require extensive effort of experts to interpret
recordings. The RFID-based annotation proposed in this paper,
requires users to initially scan and assign phone sites to RFID
tags.
The work described in [7] and [8] use a glove equipped
with a RFID reader to detect objects in the home of the,
participant. The objects and the order in which the user picks
them was then used to infer the activity performed. In contrast,
the approach proposed in this paper considers RFID tags for
annotation purposes rather than a sensing modality. Users need
to scan the RFID tags once on purpose to assign a tag to an
annotation category.
In a preliminary investigation, we analysed how inexpensive RFID tags can be used to reliably annotate phone sites
without requiring expert or participant annotations [9]. While
the RFID tag-generated labels were compared to annotations
from one user, phone placement recognition using RFID-based
annotation was not investigated.

investigated an active probing approach, where a vibration
motor and loudspeaker of the phone was used to generate noise
that was recorded with the microphone and accelerometer of
the smartphone. The authors were able to recognize phone
location from impulse responses. Subsequently, accelerometer
readings and sound response due to the vibration motor were
further investigated to recognise phone placements [14], [15].
Rossi et al. [16] used sound fingerprinting, where specific
sound patterns are emitted from the phone’s loudspeaker and
impulse responses recorded with the microphone. The authors
could discriminate the phone’s location between different
rooms and within rooms from impulse response measurements
of emitted sounds. In general, active probing approaches rely
on audible or tactile emissions and responses of the environment. Thus, active probing might be usable in particular
situations where users are not disturbed by sound or vibrations.
Various investigations showed the relevance of phone
placement information. Here we summarise some directions
for applying phone placement information. In [17] the authors
investigate the influence of phone location on audio data and
whether they could separate location induced noise (e.g. the
sound of the phone rubbing in a pants pocket) from the external
sound. The goal of their work is to train a pattern classification
model in a location invariant manner. Siewiorek et al. [18]
suggested to adapt phone notifications depending on the users
context. In their work, they use multiple sensing modalities to
determine the interruptibility of a user and then adapt the phone
behaviour accordingly by, e.g., modifying the volume of the
ringer, or declining incoming calls. Finally, Lu et al. [19] aim at
balancing performance and resource demands of a multi-modal
sensing approach in smartphones. Using continuously acquired
samples from the accelerometer, the GPS and microphone were
dynamically activated to save energy.
We expect that our work could be used to weight different
sensing modalities based on current phone site. In this way,
recognising phone placement could support selecting context
recognition models, modify application behaviour, and optimise energy-efficient sampling strategies.

B. Phone placement and recognition
Phone placement and phones proximity to the user was
investigated in several explorations already [3], [10]. Ichikawa
et al. [3] interviewed 419 people on the street in three different
cities. For our work we use their findings to select the most
common phone locations. Wiese et al. [10] performed a survey
in a group of 693 people to determine where they keep their
phones. They then used the answers to construct a phone
dummy equipped with different sensing modalities to attempt
recognising phone placement.
Patel et al. [11] and Dey et al. [12] investigated the proximity of users and their phone rather than the location where
the phone is placed. Their study comprises 16 participants and
uses a Bluetooth tag to distinguish three different proximity
levels (arm’s reach, same room, unavailable). Furthermore they
use the cell tower the phone is connected to for determining
the phone location and user context. In contrast our work
is focused on detecting the phone placement by the user in
different on- and off-body locations.
To automatically determine phone placement, several active
probing approaches were developed. Kunze and Lukowicz [13]

III.

P HONE PLACEMENT CONCEPT AND RFID
ANNOTATION

Recognising phone placement is essential for various context recognition tasks. In this section, we introduce our approach to model phone placement in the user vicinity and
our RFID-based annotation approach to recognise phone sites
based on RFID-based annotations of smartphone sensor data.
We consider a shell concept to describe the phone site
in relation to the user vicinity, where shell layers denote
the relevance of sensor modalities for activity and context
recognition. A shell closer to the body typically means that the
phone moves with the body, i.e. inertial sensors are important
context information sources when the phone is in the pants
pocket. In contrast, close body attachment of the phone often
implies coverage by cloths, hence environmental sounds and
light may not be measurable. The sensor modality relevance
changes in shells that are more distant to the user, e.g. a
phone placed on a desk may not benefit from sampling inertial
sensors, but rather use modalities such as sound and light
to determine context. Figure 1 depicts the phone sites in
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Fig. 1. Phone placement concept considered in this work. In shells closer to
the body inertial sensors are often relevant to describe activity and context. In
outer shells, modalities such as sound and light provide relevant information.

TABLE I.

M INIMUM TIME OF RECORDINGS IN MINUTES PER
PARTICIPANTS FOR EACH ACTIVITY ( ROWS ) AND PHONE
SITES ( COLUMNS ). O RDER AND TIMING OF RECORDINGS WAS FREELY
CHOSEN BY THE PARTICIPANTS .
Work
Eating
Walking/Cycling
Vehicle

Pants
30
20
20
20

Desk
30
20
–
–

Jacket
30
–
20
20

Bag
–
–
20
20

A. Study participants
In order to validate our approach an evaluation study
was conducted, including 6 participants (2 female, 4 male)
between 25 and 40 years. In total 39 hours of annotated data
were acquired. Participants were asked to record data while
performing a variety of activities during which the phone is
placed in different locations. The locations were chosen based
on the survey described in [3]. Table I shows the minimum
amount of time that participants were asked to record for
each location/activity combination. In the annotation category
“bag”, the participant’s backpack was considered for male
participants and the purse for female participants. The order
and timing of recordings was freely chosen by the participants.
B. Recording procedure

Fig. 2. Screenshot of the Tag Configurator Android application used to
associate RFID tags to annotation categories. The application can be used to
map multiple tags to the same annotation category, e.g. to use it with different
cloths.

relation to user vicinity as considered for the phone placement
recognition in this work.
Based on earlier analyses [9], we considered that RFID
tags can identify phone sites adequately at all shell layers
when all frequent phone sites are tagged. Since the RFID-based
annotation can use multiple tags per phone site, even different
cloths, phone placement options, etc. can be covered. For
example, pockets of different pants can be tagged and the tags
associated to the annotation category “pants pocket”. Since
most smartphones read RFID tags when close to the phone’s
rear side, pockets should be equipped with tags for both phone
orientations. To ease the RFID tag configuration and associate
tags to annotation categories, we developed a separate Tag
Configurator Android application shown in Figure 2.

IV.

E VALUATION METHODOLOGY

In our evaluation study, we first investigate how RFID
tag-based annotations correspond to expert-verified annotations. We then compare the phone placement recognition
performance for different phone sites when training with
the classifier with RFID and expert-verified annotations. To
compare supervised and unsupervised recognition methods, we
also compare our labelled approaches to an approach using
unlabelled data using data clustering.

To record activity and phone placement, a Samsung
Galaxy SIII was used in combination with the Android version
of the Context Recognition Network Toolbox (CRNTC+) [20].
Once recorded, the data was downloaded from the smartphone
and analysed using MATLAB.
RFID tags were initially placed and configured together
with the study participants. We used round tags of type
NTAG203 with a diameter of 39 mm. Figure 3 illustrates the
tag placement at different phone sites.
Sensor data from the smartphone-integrated inertial sensors
was recorded at the highest sampling rate, including acceleration, gyroscope and magnetic field. In addition, the orientation
estimation was recoreded. Light was recorded at a sampling
rate of 5 Hz and proximity was acquired at two levels (near/far)
on change event. User annotations and received RFID tag
detection events were logged and subsequently merged with
the sensor data. For user annotations, the ACTLog component,
integrated in CRNTC+ was used. After recordings, annotations
and sensor data was resampled to an equidistant rate of 100 Hz.
C. Expert-verified annotations
We derived the expert-verified annotations based on annotations made by participants during the recordings and
subsequent review and correction of the labels.
We used the CRNTC+ ACTLog component, where participants could annotate phone sites while recording data as shown
in Figure 4. The expert-verified annotations were created in
a post-recording review of the data and labels, using the
Marker toolbox for MATLAB [21]. An expert revised labels to
correct temporal mismatch with data patterns or label category
confusions.

Fig. 3. Selected phone sites considered for RFID tag placement. RFID tags were subsequently used to automatically label phone placement: (1) shirt pocket,
(2) pants pocket, (3) jacket pocket, (4) backpack cell phone compartment.
TABLE II.
L IST OF FEATURES WHERE acc, ori AND mag DENOTE
ACCELERATION , ORIENTATION AND MAGNETIC FIELD . L IGHT INTENSITY
AND PROXIMITY SENSOR READINGS ARE DENOTED BY light AND prox.
accx DENOTES ACCELERATION ALONG THE X - AXIS , |acc| DENOTES THE
E UCLIDEAN NORM OVER THE 3 ACCELERATION AXES .
Feature
Mean

Variance

Maximum
Minimum
ZCR

Fig. 4. Screenshot of the CRNTC+ ACTLog component used by participants
to annotate phone sites while recording.

D. Feature extraction
Features listed in Table II were extracted using a sliding
window size of sw = 0.5 s and a step size of ss = 0.25 s.
To compare classification performances, four different feature sets were used: (1) accelerometer only feature set using
features based on accelerometer data. For smartphones, the
accelerometer only set is the least power-consuming option.
(2) Features based on accelerometer, light, and proximity sensors. This feature set minimally increases power consumption.
(3) All features based on the inertial measurement unit (IMU)
and orientation. (4) Combination of all feature sets.
E. Feature selection and recognition
Before the classification step, extracted features were combined and weighed using linear discriminant analysis (LDA).
Classification was performed using a nearest centroid classifier
and 10-fold cross-validation. In this work we considered the
following evaluation configurations:

Computed on
|acc|, accx , accy , accz , accx − accy , accy − accz ,
accx − accz , |ori|, orix , oriy , oriz , orix − oriy ,
00
oriy −oriz , orix −oriz , ori0x , ori0y , ori0z , ori00
x , oriy ,
0
ori00
,
|mag|,
mag
,
mag
,
mag
,
light,
light
,
x
y
z
z
prox
|acc|, accx , accy , accz , accx − accy , accy − accz ,
accx − accz , |ori|, orix , oriy , oriz , orix − oriy ,
oriy −oriz , orix −oriz , |mag|, magx , magy , magz ,
light, prox
|acc|, accx , accy , accz , |ori|, orix , oriy , oriz , light
|acc|, accx , accy , accz , |ori|, orix , oriy , oriz , light
|acc|, accx , accy , accz , |ori|, orix , oriy , oriz ,
|mag|, magx , magy , magz

Personalised RFID method. Here the classification model
is trained individually for each study participant using RFID
tag-based annotations. In order to test the classification model
expert-verified annotations are used. This method allows us to
personalise the classification model for each user, since annotations can be collected without labour compared to expertverified annotations. Since RFID-based annotations may not
be accurate, the trained classification model could however
underperform a model obtained based on expert-verified annotations.
Personalised expert method. This configuration serves as
baseline showing the performance of a supervised classification
based on expert-verified annotations. The classification model
was trained and tested per participant using the expert-verified
annotations. Hence, this method is expected to provide the best
performance results.
Collective expert method. In contrast to the Personalised
expert method, in this variant, we first merged the data from
all users into one set. The classification model is then trained
and tested on the collective data set of all participants. This
configuration investigates a user-adapted classification model,
where expert-verified training data from several participants is
used.
Personalised cluster method. As another benchmark, we
investigated the potential of an unsupervised phone placement
recognition using a data clustering approach. For this anal-

ysis feature sets were combined and weighed using principal
component analysis (PCA). Clustering was performed for each
participant using the MATLAB implementation of the k-means
clustering algorithm with 10 replicates. For this analysis, no
cross-validation was used. The cluster configurations were
analysed against the ground truth. Since the assignment of
clusters may not match with the ground truth class numbering,
the confusion matrix columns where reordered to maximise
overall normalised accuracy.
V.

1
No label

0.48

0.25

0.12

0.9
0.8

0.97

Expert label

Pants

0.7
0.6
0.90

Table

0.4
0.96

Jacket

R ESULTS

0.5

0.3
0.2

A. Agreement of RFID-based and expert annotations

The entire data set contains 914 labels out of which 6 are
substitutions corresponding to a wrong RFID tag occurred, e.g.
phone is located in jacket but a tag labelled pants is read. This
can occur if the phone is placed inside a jacket pocket which
lays on top of the pants pocket, hence the RFID reader detects
the tag in the pants pocket.
Figure 5 shows the sample by sample agreement between
the two annotation types in a confusion matrix for each class
on a sample by sample basis for the entire data set. Figure 5
shows an agreement between 48 % and 97 % for each location.
However, a substantial number of samples where the expert
assigned no label to the data has a class label in the RFIDbased annotations (confusions in the first row). This effect is
a property of the RFID tag-generated labels as here the label
can only be changed when a new RFID tag is detected. If the
participant takes the phone out of the pocket to use it, no other
new RFID tag is scanned until it is placed in one of the tagged
locations. This explains the low agreement of 48 % between
the expert-verified ground truth and RFID tag-generated labels
within the no label class. Nevertheless, this error has limited
effect on the location recognition performance as we will show
in the subsequent classification analysis below.
B. Comparison of evaluation configurations
Figure 6 shows a comparison of classification results for
the four different methods using different feature sets. In this
analysis, all available features were used.
Figure 6 shows that the two personalisation approaches
outperform the other methods. For the personalised expert
method, maximal recognition performance was achieved, confirming the overall quality of the expert-verified annotations.
However, personalised expert annotations were the most laborious to obtain.
The results of the personalised RFID method were similar
to the personalised expert method. The decrease in classification performance range between 0.9 % and 1.6 %, depending on the feature set used. The personalised RFID method
outperformed the collective expert method by 20 % to 25 %
depending on the feature set. Also the personalised clustering
approach is outperformed by the personalised RFID method
by 16 % to 32 % depending on the feature set.

No label

Pants

Table
Jacket
RFID label

Bag

0.1
0

Fig. 5. Agreement of RFID-based annotations and expert-verified ground
truth on a sample by sample basis for each phone site. An unlabelled samples
category was added to account for samples that were not annotated (no label).
This confusion matrix does not show a classification result.

1

0.8
Normalised accuracy

Initially we analysed the agreement between RFID taggenerated annotations and expert-verified annotations on a
sample by sample basis. The agreement of the RFID taggenerated annotations describes how well they correspond to
the expert-verified annotations.

0.89

Bag

0.6

0.4

Acc. only
Acc. + Light + Prox.

0.2

IMU
All

0

Personalised Personalised
RFID
expert

Collective
expert

Personalised
cluster

Fig. 6. Comparison of classification results for all four evaluation configurations. Normalized accuracies are plotted for different feature sets per classifier.
The error bars show the minimum and maximum normalised accuracy per
participant. For the collective expert approach all collected data were analysed
without the distinction between participants, hence no minima and maxima is
shown.

The collective expert classification performs low, compared
to the other classification methods with a normalized accuracy
of just below 65 %. The personalised clustering approach
yields similar results when using all available features. For all
feature sets except the IMU set, personalised clustering reaches
about 70 % normalised accuracy.
Figure 7(a) shows the classifier confusion of the personalised RFID method. Here, an overall normalised accuracy
of 84 % was obtained when using all features with per-class
accuracies between 73 % and 94 %. These results show that
the personalised RFID method is a viable alternative to the
personalised expert method as the classification performance
decreases by less than 2 %. The results show small confusions

normalized accuracy of 80 %. For more than 100 training
instances, the performances improves gradually only. Hence,
with ∼400 s training data for each location class, the phone
sites could be reliably classified.

0.9
0.85

Normalised accuracy

0.8
0.75

VI.

0.7
0.65
0.6
0.55

Personalised expert
Personalised RFID

0.5

Collective expert

0.45
0.4
10

25

50
100
150
200
# of training instances per class

250

all

Fig. 8. Comparison of phone placement classification results when limiting
the number of training instances per class. This analysis shows, how many
annotations were needed for the personalised models.

of up to 14 % between the pants, jacket and bag classes. These
confusions could be explained by a minimal between-class
variance in features.
Figure 7(b) shows the classifier confusion for the personalised expert method. Using all features, a normalised
accuracy of 86 % was achieved. All classes have a recognition
performance between 77 % for the pants location and 93 %
for the table location. The latter is higher than the other
three classes as the nature of the class “Table” results in
very distinct feature expression, i.e. orientation has minimal
variance compared to a clothing pocket.
Figure 7(c) shows the confusion matrix for the collective
expert method resulting in an overall normalized accuracy
of 64 %. The large confusions between pants, jacket, and
bag classes are a result of the feature variability between
participants. For example, some participants chose a smaller
jacket pocket in which the phone “stands”, while others
chose a larger pocket where it rests in a completely different
orientation. Finally, Figure 7(d) shows the confusion matrix
for the personalised clustering method resulting in an overall
normalised accuracy of 63 %. Class accuracies ranged between
45 % and 92 % for the “Table” class, which is separable from
all other classes as there is minimal variance in the feature
space of all motion-based features.
C. Varying training set size
To investigate the minimum number of training instances
required for our RFID-based annotation approach, we analysed
the number of training instances per class ntr in a range
of ntr = 10, 25, 50, 100, 150, 200, 250, all, where “all” denotes the complete set of available training examples. In this
analysis, all available features were used. The personalised
clustering method was omitted here, since it does not require
a training phase.
In Figure 8 it can be seen that with ∼100 training instances
per class, the personalised RFID method achieves an overall

D ISCUSSION

The results presented in this work illustrate that phone
placement within the users vicinity is a very personal recognition problem. When comparing the methods where labelled
personalised data is used to a collective approach (see Figure 6), it can be seen that a generalised training set will
be outperformed by personalised training data by 20 % or
more. User or expert annotations are costly and cumbersome to
obtain in daily life studies. Here our proposed RFID tag-based
approach represents a cost efficient and efficient alternative,
yielding comparable results.
Our experiments show that some location classes are easier
to detect than others. The “Table” class was well detected
independent of the detection method used. We assume that the
IMU-based features were independent of the user, as the phone
is placed on a table. For the unsupervised classification approach, all other classes were hard to discriminate. Obviously,
the phone placement was different per participant, e.g. women
tend to carry phones in the back pockets of their pants while
men use the front pockets [3]. Including the unsupervised
classification was done to benchmark the phone placement
problem and dataset. More advanced methods could be used in
the future to investigate the unsupervised classification further.
This work showed that personalised RFID tag-based annotations perform similarly accurate compared to using the
personalised expert-verified annotations. Hence, the RFID tagbased annotation approach could be used in future context
recognition studies instead of expert supervision or participant
self-reports. We found that reliable RFID-based phone placement recognition is difficult when the tags are overlapping for
different phone sites, e.g. when a jacket pocket overlaps with
the pants pocket. In this situation, both RFID tags are close
enough to the smart phone to be read simultaneously. Another
potential issue is the phone placement in large compartments.
Here, a sufficient number of RFID tags are required to ensure reliable detection. Yet, RFID tags are inexpensive and
placement is simple. Since the RFID-based phone placement
recognition approach just requires users to bring the phone
close to tags, it could moreover be used to annotate activities
by asking users to scan tags when performing certain actions
instead of filling in diaries. Our results further confirm that
personalisation with the RFID-based annotation requires a
small set of sensing modalities to achieve robust phone placement classification. In contrast, the collective expert method
showed a monotonous improvement as the feature set was
extended. Hence it is feasible to rely only on accelerometer
measurements when using the personalised RFID method.
Smartphone orientation can have an effect on the phone
placement recognition. The impact should be analysed in a
larger study. However, phone orientation has no effect on
the quality of the RFID-based annotations since multiple tags
can be used to ensure that the phone is sufficiently close to
a tag in all orientations. In this work, we did not consider
user presence specifically when recognising phone placement.
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(c) Collective expert
Fig. 7.
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0.21

Bag
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0.65

Bag

0.1
0

(d) Personalised clustering

Confusion matrices for the different evaluation configurations using all available features averaged over all participants.

We expect that determining whether the phone is in the
user’s vicinity is a separate recognition problem. For example,
speaker identification using recorded sound from the phone’s
microphone could be used to estimate user presence, as it was
used for annotating conversations [22].
VII.

C ONCLUSION

In this paper we used annotations based on RFID tags for
the example of phone placement recognition. The approach
was evaluated in a study including 6 participants and a total
of 39 hours of recorded data. We showed that the labels have
a 48 % to 97 % agreement for each of the four location
classes. Furthermore only 6 substitutions occurred over a total
of 914 RFID tag-generated labels. This confirms the general
feasibility of this approach for context recognition studies.
Furthermore we showed that there is only a small reduction
of 2 % in recognition performance over using personalised

expert annotations compared to the savings in cost and labour
involved in collecting personalised expert annotations. This
makes RFID tag-generated labels an attractive alternative to
manual context annotation methods.
An important benefit of our RFID-based annotation approach is that labour and costs for obtaining reference information are small. Assuming that in practice it would only be
feasible to train the pattern recognition model on a collective
training set, using our RFID tag-based annotation method
would provide a total improvement of 20 % gain in recognition
performance.
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