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ABSTRACT
Automatically recognizing people’s daily activities is essential for
a variety of applications, such as just-in-time content delivery or
quantified self-tracking. Towards this, researchers often use cus-
tomized wearable motion sensors tailored to recognize a small set
of handpicked activities in controlled environments. In this paper,
we design and engineer a scalable, daily activity recognition frame-
work, by leveraging two widely adopted commercial devices: An-
droid smartphone and Pebble smartwatch. Deploying our system
outside the laboratory, we collected a total of more than 72 days
of data from 12 user study participants. We systematically show
the usefulness of time, location, and wrist-based motion for au-
tomatically recognizing 10 standardized activities, as specified by
the American Time Use Survey taxonomy. Overall, we achieve a
recognition accuracy of 76.28% for personalized models and 69.80%
for generic, interpersonal models.
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1. INTRODUCTION
The most prominent electronic device we carry with us today is the
mobile phone. Through its ubiquity, a multitude of onboard sen-
sors, powerful processing units, and communication capabilities, it
has been suggested as an ideal platform for context-aware, activity
recognition [2] and large-scale behaviour monitoring [3].

The context recognition community has investigated numerous sets
of target activities for automatic recognition, such as detecting trans-
portation modes [12], location-specific routines (e.g. sleeping or
working) [11] as well as simple activity primitives like sitting, stand-
ing, running, or walking [2]. Yet, researchers [15] emphasizes that
we do not “wear” our smartphones at all times. For example, it
is imaginable that we leave our phones within reach, but on the
desk. As a result, our mobile phones are not always able to detect
our physical movements. Moreover, as the population carries it at
a single location in the pocket [9], the variety of activities we can
detect with onboard motion sensors is limited.

Recently, with the miniaturization of processing units and sensors,
watch-like systems with similar capabilities as the smartphone are
now facing the market. Contrary with the mobile phone, these de-
vices are typically fixed in placement and constantly worn by the
user. Paired with open platforms and software development kits,
the distribution of applications for these wearable systems is easy
and quickly scalable to large populations of users. As such, a new
opportunity for activity recognition based on crowd data seems at
hand. But the question that still remains: How useful is this ecosys-
tem of devices for enhancing activity recognition systems? More-
over, which modalities are more accessible and useful for recogniz-
ing the activities of people in day-to-day life scenarios?

It has been often discussed in the community that time and location
are good estimators for routine activities. Indeed, attempts of lever-
aging population-scale time use statistics [7, 20] have shown strong
improvements in recognizing routinely executed activities when
combined with wearable motion sensors. However, various activi-
ties, such as household cleaning or socializing, is not as easily pin-
pointed by aggregated time-use data. Similarly, location suggests
certain activities. But since the location is often depicted with abso-
lute geographic coordinates, it has been only considered for person-
dependent activity recognition systems [11], inhibiting inter-person
generaliziation. Furthermore, gestural motion captured from wrist
worn-sensors has been used and shown to generalize well across
users [5, 21], however, only in laboratory settings for fine grained
activities.

In this work, we investigate these single modalities and their fusion
for high-level daily activity recognition. We leverage the recently
popularized smart-watch, Pebble1, and the ubiquitously available

1https://getpebble.com





Figure 2: An illustrations of the screens that a user sees when
labelling activity routines via the Pebble interface. On the ini-
tial screen, the start and stop buttons are shown. Upon press-
ing the start button via the selectors on the right of the watch,
a selection screen is displayed to mark the current activity rou-
tine. The user receives a confirmation message after confirming
the selection of an activity (third photo). Finally, the current
marked activity is shown after a few minutes into the activity.

hour, which is represented as a binarized 24-dimension indicator
feature.

3.2 Activity Labelling
To minimize the labelling effort of users, we implement a watch
application for the Pebble to allow unobtrusive, in-situ activity la-
belling. We show sample screens in Figure 2 and explain the sim-
ple steps of marking an activity in the caption below. To compre-
hensively capture various activities in day-to-day scenarios, we ask
users to label tier-1 activities from ATUS taxonomy. Examples of
these labels include “Eating or Drinking”, “Consumer Purchases”,
or “Work-Related”. In the ATUS taxonomy, these activities break
down further into more precise activities (e.g. “Online Shopping”
under “Consumer Purchases”), up to tier-3. However, to keep the
labelling experience simple for this study, we only ask for tier-1
activity labels.

Compared to labelling on the smartphone, this is a seamless expe-
rience as the user would only need to press a few buttons on his/her
wrist, therefore eliminating the need to access the phone, which
may not always be within reach. In comparison with a diary-based
approach where the user recollects a day’s activity routines at the
end of the day, our approach reduces labelling noise as the user la-
bels while conducting an activity as opposed to having to recall the
precise time duration afterwards.

To further enhance labelling accuracy, we build a web-based time-
line visualization for the user to view, edit, or add activity annota-
tions. This feature helps eliminate inevitable human labelling er-
rors, such as forgetting to mark the stop of an activity routine.

4. FEATURE PROCESSING AND CLASSI-
FIER FUSION

From Figure 1, we depict three pipelines of processing followed
by a fusion classifier. For all classification modules, we use the
Random Forest classifier [8] with default parameters from [16]. In-
deed, this is switchable for other classifiers capable of multi-class
classification with probabilistic outputs.

Motion: The accelerometer data are treated in a similar way as in

[4]. For the i-th 1-second data window, a vector ai is built with
the means and standard deviations of the three Pebble accelerome-
ter axes, i.e. ai = [μx, σx, μy, σy, μz, σz]. In the training phase,
all the vectors ai are clustered using Mini-Batch K-Means (K set
empirically to 50) [16] and the corresponding K cluster centroids
are stored. For each vector ai, a cluster distance vector εi of length
K is obtained by computing the Euclidean distances between ai

and each of the K cluster centroids. Finally, a cluster similar-
ity vector ξi is obtained from the cluster distance vector. Each
element ξ(k) of the similarity vector is computed from each ele-
ment εi(k) of the cluster distance vector with the transformation:

ξ(k) = exp
(
− εi(k)

σε

)
, where σε is the standard deviation of the

vector εi.

For each labelled training instance of duration D, a feature vector
is obtained by averaging the D cluster similarity vectors calculated
for each 1-second window belonging to the training instance. A
classifier is trained with the feature vectors and the corresponding
labels.

In the deployment phase, the cluster similarity vectors are again
extracted from the accelerometer data, using the cluster centroids
stored in the training phase. For each window of duration D, the
corresponding feature vector is calculated and classified according
to the trained model, outputting probability estimates for each ac-
tivity class.

Location: Using raw GPS coordinates of the mobile phone, we
query the Foursquare Venues API endpoint3 to obtain a listing of
venue in the vicinity of the GPS coordinate.

We process this list by counting the categories of venues to obtain
a venue semantic distribution vector [v1, v2, ..., vT ] where T is the
total number of venue categories observed. As we typically have
multiple GPS samples within a window instance, we normalize the
venue semantics vector by the number of GPS samples. Essen-
tially, the feature space for the location classifier is a sparse count
matrix of venues types, which takes a dimension of N × T for N
instances. Again, from the trained classifier, we output the classifi-
cation probability of each activity.

Time: Given the duration of each activity window, we convert the
unix timestamp to local time and bin the duration of the window
into 24 hourly bins for each day of the week. Then, for each in-
stance, we derive a binarized feature vector [t1, t2, ...t168] to indi-
cate the hour(s) of the activity window. Similar to the other modal-
ities, we train a classifier on this feature space and output the clas-
sification probabilities.

Fusing Classifier: Our system utilizes a stacked classifier approach
to fuse the individual modalities at the classifier level. Therefore,
we concatenate the probability outputs of the aforementioned clas-
sifiers to create a feature matrix of M × C, where M is the num-
ber of modalities and C is the number of classes. As the Random
Forest classifier naturally handles multi-class classification, we di-
rectly learn a mapping between the single-modal classifiers’ per-
class probability outputs and the ground truth label.

Also known as late fusion, classifier-level fusing is practical when
not all modalities may output data for the same instance. In this

3https://developer.foursquare.com/docs/venues/
search



Activity Routine
Number of Marked 

Activities
Duration 
(hours)

Instances 
Derived

Working or Work-Related 266 499.18 3474
Travelling 189 124.01 487

Eating/Drinking 166 120.89 677
Personal Care 126 640.32 4407

Socializing, Relaxing, and Leisure 83 162.37 980
Household Activities 45 21.92 68

Education 44 105.44 416
Sports, Exercise, and Recreation 23 52.53 201

Consumer Purchases 13 5.19 16
Receiving Services 1 0.47 2

Table 1: Summary statistics on the quantity of activity data
collected from 12 study participants.

case, the fused classifier is only based on modalities that contained
data. For comparison purposes, we also implement feature-level
fusion, where feature sets from different modalities are scaled and
concatenated to form a fused feature space. The classifier is then
trained on the concatenated features. Unlike classifier-level fusion,
this approach would suffer in performance if not all modalities are
available. For such instances, we insert zeros for the missing fea-
tures.

5. SYSTEM DEPLOYMENT AND DATA COL-
LECTION

5.1 User Study Deployment
We deployed our activity logging system to 12 users over the course
of a month. Participants logged a median of 11.5 days while the
maximum and minimum number of days logged were 6 and 18,
respectively. Our user-base consists of staff and student members
from a university environment.

In our user study, we provide basic instructions on how to utilize
our activity logging Pebble watchapp. We ask users to occasionally
record activity routines as they conduct them. Therefore, a start
marker would be entered once a user start an activity routine and
an end marker is to be recorded once the activity routine is finished.
We also instruct the users that they can long press the stop button
on the Pebble smartwatch if they forget to enter a stop marker in
a timely fashion. Since we are interested in activity routines that
typically span multiple hours of the day, we allow users to disre-
gard short activities or periods where they are transitioning from
one activity to another (e.g. brief walk of a few minutes from class
to the cafeteria). At the end of the study, we display an interactive
timeline through a web interface, allowing users to review and cor-
rect their activity timelines. Activity routines that are marked with
an untimely stop marker (via long press) were highlighted in red
on the web interface. For users who do not prefer to use their own
phone, we provide either a Samsung Galaxy S4 or S3 mini for use
as the user’s primary mobile phone.

Aside from helping the users install and setup the logging applica-
tions, we provide no further guidance for the duration of the study
aside from the instructions mentioned above. Our intention is to
deploy this user study in the most naturalistic manner possible as if
this system was used by a general crowd.

5.2 Dataset Description
Although the original ATUS taxonomy contains 18 tier-1 activity
categories, in our study, we only include the activities that received
at least one label from our participants. In Table 1, we detail the

quantity of data collected for the individual activities. In columns
2 and 3 of Table 1, we list both the number of activities marked
for each category as well as the number of hours labelled from
all participants. In Figure 3, we plot the distribution of activities
from all users, summed hourly, over a 24-hour period. The activity
durations are chunked by hour and the proportion of activity cate-
gories are plotted. From the plot, we can spot intuitive patterns over
the day, for example: sleeping during the morning hours (a com-
ponent of Personal Care) or work-related activities throughout the
day although indented by eating and drinking around lunch time.
It is also interesting to note the intuitive transition of activity pro-
portions, e.g. from “Travelling” (to work) to “Work-Related” to
“Travelling” (to home).

Preprocessing the dataset, we filter out activity labels less than 20
minutes in duration. We also filter out marked activities that contain
no sensor data from either location or motion modalities. Missing
GPS data may be caused by the user manually turning off the GPS
sensor on their smartphone. Missing motion data from the Pebble
watch is caused by the user being away from their phone for an
extended period of time, such that the local data storage on the
Pebble is filled over its capacity.

In our study, approximately 18% of the marked activities are dis-
carded due to missing data, including one user who was filtered out
completely due to sparsity of labels. In the remaining data from
11 users, we create 50% overlapping windows of 20 minutes each
as instances for our machine learning model. In the third column
of Table 1, we indicate the number of instances derived for each
activity category after applying the filtering and windowing steps.

6. SYSTEM EVALUATION
In this section, we evaluate our system’s ability to recognize daily
activity routines using individual modalities as well as fused modal-
ities. For personalized recognition models, we cross-validated us-
ing the leave-one-day-out scheme. We also investigate our sys-
tem’s ability to generalize for interpersonal models, where we con-
duct leave-one-person-out cross-validation. We start our analysis
by examining the overall performance of our system through clas-
sification accuracy. Then, we provide finer-grain analysis of system
performance for specific activities that we target.

6.1 Overall Accuracy
In Table 2, we list the testing accuracy achieved with the personal
and interpersonal models when using individual and fused modali-
ties. Comparing the feature sets used, we bold and underline the top
performing feature set and only bold the second place performance.

Looking down each column of Table 2, we see early fusion (at the
feature level) or late fusion (at the classifier level) provide top per-
formance for most users. Unsurprisingly, fusing the three modali-
ties typically results in higher accuracy, especially when individual
modalities are not performing well (e.g. user 9). Across users, clas-
sifier level fusion delivers only slightly better performance results
than feature level fusion. However, the real benefit of late fusion
lies in its tolerance of missing data. Practically, this is an impor-
tant consideration as signals from different modalities may not be
available simultaneously at all times.

Comparing the accuracy performance of personalized and inter-
personal models, we can immediately notice the use of accelera-
tion signal from the wrist is not very generalizable between users.
Therefore, personalized training data should be used in this modal-







est median accuracy with 76.28%. Upon deeper examination of
classification performance across individual activities, we found
that fusion typically outperforms single-modality classification in
terms of precision and recall. Given the variability of single-modality
performance across different activities, we believe classifier-level
fusion should be used for comprehensive daily activity recogni-
tion. Evaluating generalization capability of interpersonal models,
we found that the highest testing accuracy was achieved with time-
based features, at 69.80% while classifier-level fusion achieved 65.46%.
Understandably, time plays a key role in identifying inter-person
synchronized activities (e.g. sleeping). However, we find that the
fused classifier is able to make gains for activities not necessar-
ily time-synchronized between people, such as “Education”, and
“Sports-Related”. Again, we believe it is beneficial to leverage
multiple modalities if a wide range of activities is to be recognized.
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