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abstract
The advances of wearable sensors and wireless networks offer many opportunities to
recognize human activities from sensor readings in pervasive computing. Existing work
so far focuses mainly on recognizing activities of a single user in a home environment.
However, there are typically multiple inhabitants in a real home and they often perform
activities together. In this paper, we investigate the problem of recognizing multiuser activities using wearable sensors in a home setting. We develop a multi-modal,
wearable sensor platform to collect sensor data for multiple users, and study two
temporal probabilistic models—Coupled Hidden Markov Model (CHMM) and Factorial
Conditional Random Field (FCRF)—to model interacting processes in a sensor-based, multiuser scenario. We conduct a real-world trace collection done by two subjects over two
weeks, and evaluate these two models through our experimental studies. Our experimental
results show that we achieve an accuracy of 96.41% with CHMM and an accuracy of 87.93%
with FCRF, respectively, for recognizing multi-user activities.
© 2010 Elsevier B.V. All rights reserved.

1. Introduction
The problem of recognizing human actions and activities using a video camera has been studied in computer vision since
a decade ago [1,2]. With the availability of low-cost sensors and the advancement in wireless sensor networks, researchers in
pervasive computing have recently become interested in deploying various sensors to collect observations, and recognizing
activities based on these observations. This in turn supports many potential applications such as monitoring activities of
daily living (ADLs) [3] for the elderly or people with cognitive impairments [4].
By capturing useful low-level features, such as human motion, living environment and human-to-environment
interactions, sensors show great potential to aid with human activity recognition. However, recognizing human activities
using sensors is challenging because sensor data are inherently noisy and human activities are complex in nature. Most of
the existing work focuses on recognizing single-user activities [5–12]. However, humans are social beings, and they often
form a group to complete specific tasks. Activities that involve multiple users collaboratively or concurrently are common in
our daily lives, especially in a home setting. For example, family members often watch TV together, and prepare meals in a
collaborative way. From a social psychology point of view, people often form groups to perform certain activities collectively
not only because they share socially relevant features but also because they interact and rely on each other to achieve
specific goals. Among others, two distinctive features – social interdependence and task interdependence – are salient [13].
Foremost, they are socially interdependent because they rely on one another for feelings of connectedness and positive
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emotional outcomes; then, they are task interdependent because their mastery of material outcomes depend on working
together to perform some collective task. This is especially demonstrated in a home environment among family members
whether affiliated by consanguinity, affinity, or co-residence.
Recognizing multi-user activities using wearable sensors is more challenging than recognizing single-user activities. The
main challenges are how to design appropriate wearable sensors to capture user interactions, and how to model interacting
processes and perform inferences. In this work, we develop a wearable sensor platform to capture the observations of each
user and the interactions among multiple users. Using this platform, we conduct a real-world activity trace collection done
by two subjects over a period of two weeks in a smart home. We then study two temporal probabilistic models – Coupled
Hidden Markov Model (CHMM) and Factorial Conditional Random Field (FCRF) – to model interacting processes which
involve multiple users and recognize multi-user activities. Both models are multi-chained variants of their basic models;
CHMM couples HMM with temporal, asymmetric influences while FCRF couples CRF with probabilistic dependencies
between co-temporal label sequences. We evaluate and compare both models through real system experiments, and analyze
their effectiveness in modeling multi-user activities from sensor data.
In summary, the paper makes the following contributions.

• To the best of our knowledge, this work is the first formal study of two temporal probabilistic models (CHMM and FCRF)
in recognizing multi-user activities based on wearable sensors in a smart home environment.

• We develop a multi-modal, wearable sensor platform to capture the observations of each user and the interactions
between users, and conduct a real-world trace collection in a smart home.

• We conduct extensive experiments to evaluate our models and analyze their effectiveness in a wearable sensor based
setting.
The rest of the paper is organized as follows. Section 2 discusses the related work. In Section 3, we present the design of
our wearable sensor platform. Section 4 describes our proposed activity models, and Section 5 reports our empirical studies.
Finally, Section 6 concludes the paper.
2. Related work
Recently, researchers have become interested in recognizing activities based on sensor readings. Recognition models are
typically probabilistic based, and they can be categorized into static and temporal classification. Typical static classifiers
include naïve Bayes used in [6,7], decision tree used in [6,7], and k-nearest neighbor (k-NN) used in [6]. In temporal classification, state–space models are typically used to enable the inference of hidden states (i.e., activity labels) given the observations. We name a few examples here: Hidden Markov Model (HMM) used in [8,9], Dynamic Bayesian Network (DBN) used
in [10] and Conditional Random Field (CRF) used in [14,12]. The variants of CRF have been used to model complex activities
of a single user. For example, Wu et al. [15] applied Factorial Conditional Random Field (FCRF) to model concurrent activities.
There is some existing work on recognizing group activities and modeling interacting processes. Gong et al. [16]
developed a dynamically multi-linked HMM model to interpret group activities. They also compared their methods with
Multi-Observation HMM, Parallel HMM, and Coupled HMM. Nguyen et al. [17] employed hierarchical HMM for modeling
the behavior of each person and the joint probabilistic data association filters for data association. Park et al. [18] presented
a synergistic track- and body-level analysis framework for multi-person interaction and activity analysis in the context
of video surveillance. An integrated visual interface for gestures and behavior was designed in [19] as a platform for
investigating visually mediated interaction with a video camera. However, their system only tackled simple gestures like
waving and pointing. Du et al. [20] proposed a new DBN model structure with state duration to model human interacting
activities (involving two users) using video cameras, combining the global features with local ones. Choudhury et al. [21]
modeled the joint turn-taking behavior as a mixed-memory Markov model that combines the statistics of the individual
subjects’ self-transitions and the partners’ cross-transitions. Lian et al. [22] used FCRF to conduct inference and learning
from patterns of multiple concurrent chatting activities based on audio streams. Oliver et al. [23] proposed CHMM to model
user interactions in video. Oliver et al. [24] also proposed Layered Hidden Markov Models (LHMMs) to diagnose states of a
user’s activity based on data streams from video, audio, and computer (keyboard and mouse) interactions.
With regard to modality, most of the work mentioned above employed video data only. Audio and other modal data are
less frequently used together. One possible reason is that it is rather hard to determine hidden parameters of HMMs in the
case of multi-modal group action or activity recognition, where features from each modal are concatenated to define the
observation model [25]. Wyatt et al. [20] presented a privacy-sensitive DBN-based unsupervised approach to separating
speakers and their turns in a multi-person conversation. They addressed the problem of recognizing sequences of human
interaction patterns in meetings with two-layer HMM using both audio and video data. Unlike other work, their framework
explicitly modeled actions at different semantic levels from individual to group level at the same time scale.
However, to the best of our knowledge, there is no formal study on recognizing multi-user activities using wearable
sensors in a smart home environment. Although in [7], the data collection was done by two subjects (i.e., a couple) in an
instrumented home, the dataset contains annotated data for the male user only and the work reported in the paper focuses
on this single user. An interesting work was done by Lin et al. [26], where they deployed various kinds of sensors in a
home environment and proposed a layered model to learn multiple users’ preferences based on sensor readings. However,
their focus is on learning of preference models of multiple users, i.e., relationships among users as well as dependency
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Fig. 1. (a) Wearable sensor set, (b) audio recorder, (c) iMote2 with ITS400, (d) RFID wristband reader.

between services and sensor observations, not on recognizing their activities. A series of research work has been done in
the CASAS smart home project at WSU [27] to serve the residents in a smart home. Singla et al. [28] addressed the problem
of recognizing the independent and joint activities among multiple residents in smart environments using a single HMM
model. However, they only explored the use of infrastructure sensors deployed in a smart apartment which limits the
information they could get on the activities of the residents. Besides, the association of the sensor data and the people
who generated it is done manually. Data association is trivial for wearable sensors but difficult for infrastructure sensors,
which indicates the advantage of our sensor platform. In our earlier work, we have explored a pattern mining approach [29]
to multi-user activity recognition. In this paper, we use a machine learning approach and study two temporal models to
model interacting processes involving multiple users.
3. Multi-modal wearable sensor platform
Multi-modal wearable sensors have been successfully applied in recognizing the activities of daily living by many
researchers. Accelerometers have been used to capture the bodily movements of the user [6,9]. Recent advances in wearable
RFID readers have enabled the recognition of activities by capturing object use [8]. Wearable audio devices have also been
used in activity recognition [21].
We built a multi-modal wearable sensor platform using off-the-shelf sensors, as shown in Fig. 1. This platform measures
user movement (i.e., both hands), user location, human–object interaction (i.e., objects touched and sound), human-tohuman interaction (i.e., voice) and environmental information (i.e., temperature, humidity and light). To capture acceleration
data, we used a Crossbow iMote2 IPR2400 processor/radio board with an ITS400 sensor board, as shown in Fig. 1(d).
The ITS400 sensor board also measures environmental temperature, humidity and light. To capture object use, we built a
customized RFID wristband reader which incorporates a Crossbow Mica2Dot wireless mote, a Skyetek M1-mini RFID reader
and a Li-polymer rechargeable battery. The wristband is able to detect the presence of a tagged object within the range of 6
to 8 cm. The RFID wristband reader is also able to capture object interaction, i.e., objects passing from one user to another.
To capture vocal interaction among users, initially, we used the built-in microphone sensor on an ITS400 sensor board.
However, it fails to support a high sampling rate due to the bandwidth limitation of a wireless link. It turns out that we
use a commercial audio recorder with a maximum sampling rate of 44.1 kHz to record audio data, as shown in Fig. 1(b). In
addition, user location is detected in a simple way that a UHF RFID reader is located in each room to sense the proximity of a
user wearing a UHF tag. To determine user identity, the device IDs of each iMote2 set and RFID reader are logged and bound
to a specific user. However, it is not possible to determine audio identity precisely as the audio information may come from
other users who live in the same physical space.
The sampling rate of the RFID readers is set to 2 Hz, the sampling rate of the 3-axis accelerometer in each iMote2 is set
to 128 Hz, and the sampling rate of the audio recorder is set to 16 kHz. When a user performs activities, the acceleration
readings from each iMote2 set are transmitted wirelessly to a local server which runs on a laptop PC with an iMote2 IPR2400
board connected through its USB port. When a user handles a tagged object, the RFID wristband reader scans the tag ID and
sends it wirelessly to another server that can map the ID to an object name. This server runs on a Linux-based laptop PC
with a MIB510CA serial interface board and a Mica2Dot module connected through its serial port. In addition, human voice
and environmental sound are recorded by the audio recorder. All the sensor data with timestamps are logged separately,
and will be merged into a single text file as the activity trace for each user.
4. Multi-chained temporal probabilistic models
In this section, we first describe our problem statement, then present two multi-chained temporal probabilistic activity
models to model and recognize multi-user activities.
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4.1. Problem statement
We formulate our multi-user activity recognition problem as follows. We assume that there are a number of training
datasets, where each training dataset corresponds to each user. Each training dataset O consists of T observations O =
{o1 , o2 , . . . , oT } associated with activity labels {A1 , A2 , . . . , Am }, where there are m multi-user activities. For a new sequence
of observations corresponding to a user, our objective is to train an appropriate activity model that can assign each new
observation with the correct activity label.
4.2. Feature extraction
After obtaining sensor readings, we first need to extract appropriate sensor features. We convert all the sensor readings
to a series of observation vectors by concatenating all of the data observed in a fixed time interval which is set to one second
in our experiments. Different types of sensors require different processing to compute various features.
For acceleration data, we compute five features—DC mean, variance, energy, frequency-domain entropy, and correlation.
The DC mean is the mean acceleration value in a time interval. Variance is used to characterize the stability of a signal.
Energy captures data periodicity, and is computed as the sum of the squared discrete FFT component magnitudes of a signal.
Frequency-domain entropy helps to discriminate activities with similar energy values, and is computed as the normalized
information entropy of the discrete FFT component magnitudes of a signal. Correlation is computed for every two axes of
each accelerometer and all pair-wise axis combinations of two different accelerometers. This feature aims to find out the
correlation among different axes of any two accelerometers. We compute four features (DC mean, variance, energy, and
frequency-domain entropy) for each axis of the two three-axis acceleromters. The correlation is computed for each of the
fifteen pairs of axes. In total, there are 39 features extracted from acceleration data. To improve the reliability of our feature
extraction, a cubic spline approach can be used to fill out the missing values, and a low-pass filter can be used to remove
the outliers in the data.
For audio data, we compute both time-domain and frequency-domain features. The time-domain features measure the
temporal variation of an audio signal, and consist of three features. The first one is the standard deviation of a reading
in a time interval, normalized by the maximum reading in the interval. The second one is the dynamic range defined as
(max − min)/max, where min and max represent the minimum and maximum readings in the interval. The third is ZeroCrossing Rate (ZCR) which measures the frequency content of a signal and is defined as the number of time-domain zero
crossings in a time interval. In the frequency domain, we compute two features—centroid (the midpoint of the spectral power
distribution) and bandwidth (the width of the range of frequencies that a signal occupies). In total, there are five features
extracted from the audio data. A similar technique used for acceleration data can be applied to audio data to improve the
reliability of feature extraction.
For RFID reading or location information, we use object name or location name directly as features. For each RFID
wristband reader, we choose the first object in a one-second time interval since a user is unlikely to touch two or more
objects in such a short interval. If no RFID reading is observed or in the presence of a corrupted tag ID, the value will be set to
NULL. There are three features in total—two features for object usage of both hands and one feature for the user’s location.
The above process generates a 47-dimensional observation vector every second. We then transform these observation
vectors into feature vectors. A feature vector consists of many feature items, where a feature item refers to a feature
name–value pair in which a feature can be numeric or nominal. We denote a numeric feature as numfeaturei . Suppose its
range is [x, y] and an interval [a, b] (or in other forms, (a, b], [a, b), or (a, b)) is contained in [x, y]. We call numfeaturei @[a, b]
a numeric feature item, meaning that the value of numfeaturei is limited inclusively between a and b. We denote a nominal
attribute as nomfeaturej . Suppose its range is {v1 , v2 , . . . , vn }, we call nomfeaturej @vk a nominal feature item, meaning the
value of nomfeaturej is vk .
The key step of transformation is to discretize numeric features. We follow the entropy-based discretization method
which partitions a range of continuous values into a number of disjoint intervals such that the entropy of the partition is
minimal [30]. The class information entropy of candidate partitions is used to select binary boundaries, and the minimal
entropy criterion is then used to find multi-level cuts for each attribute.
The discretization method partitions 44 numeric feature values into a total of 484 disjoint intervals. Then we can directly
combine the feature name and its interval into a numeric feature item. For the nominal feature, the feature name and its
value are combined as a nominal feature item. For the LEFTOBJ and RIGHTOBJ features, we merge them into one feature by
computing LEFTOBJ ∪ RIGHTOBJ without losing any object during the user–object interaction due to the user’s handedness.
In our current sensor setting, we have a total of 574 feature items. They are indexed by a simple encoding scheme and will
be used as the inputs of our probabilistic models described in the next section.
4.3. Coupled hidden Markov model
After feature extraction, we obtain a sequence of feature vectors for each user, where a feature vector f = {f1 , f2 , . . . , fT }
is associated with activity labels {A1 , A2 , . . . , Am }. To model a single-user sequence, HMM is often used, and it consists of a
hidden variable and an observable variable at each time step. In this case, the hidden variable is an activity label, and the
observable variable is a feature vector. For multiple sequences of observations corresponding to multiple users, we can
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Fig. 2. Structure of CHMM.

factorize the basic HMM into multiple channels and couple HMMs with temporal influences to model interacting processes.
The coupling bridges hidden variables with conditional probability of transition. CHMM was originally introduced in [31]
for modeling interacting processes. The CHMM models the causal influences between the hidden state variables of different
chains. The semantics of the model is clear and easy to understand. We explore CHMM in this work for modeling multi-user
sensor sequences and capturing inter-user influences across time. The advantage of using CHMM is that it can recognize
activities of both single and multiple users in a unified framework. To the best of our knowledge, this work is among the
first using CHMM to recognize multi-user activities from sensor readings.
To illustrate, as shown in Fig. 2, there are two sequences of states A and B with observations Oa and Ob , respectively, at
each time slice t. A two-chain CHMM can be constructed by bridging hidden states of its two component HMMs at each time
slice with the crosswork of conditional probabilities Pat |bt −1 and Pbt |at −1 .
The posterior of a state sequence through fully coupled two-chain CHMM is defined as follows:
P (S |O) =

T
πa1 P (oa1 |a1 )πb1 P (ob1 |b1 ) ∏
[Pat |at −1 Pbt |bt −1 Pat |bt −1 Pbt |at −1 P (oat |at )P (obt |bt )]
P (O)
t =2

(1)

where πa1 and πb1 are the initial probabilities of states, Pat |at −1 and Pbt |bt −1 are the inner-chain state transition probabilities,
Pat |bt −1 and Pat |bt −1 are the inter-chain state transition probabilities modeling the interactions, P (oat |at ) and P (obt |bt ) are the
output probabilities of the states, we employ the Gaussian distribution in this case.
The CHMM inference problem is formulated as follows. Given an observation sequence O, we need to find a state sequence
S which maximizes P (S |O). The inference algorithm – Viterbi – for HMM could be applied to CHMM as well with some
modifications. The key point is, for each step, we need to compute both the inner-chain and inter-chain state transition
probabilities, i.e., Pat |at −1 Pbt |bt −1 and Pat |bt −1 Pbt |at −1 . The algorithm outputs the best state sequence S which involves two
state sequences Sa and Sb corresponding to the recognized activity sequences for the two users.
There are many existing algorithms for training HMM such as Baum–Welch. Since a two-chain CHMM, C , can be
constructed by joining two component HMMs, A and B, and taking the Cartesian product of their states, we define our
training method as follows. We first train A and B following the maximum likelihood method, and then, we couple A and B
with inter-chain transition probabilities which can be learnt from training datasets. This method is efficient since we do not
need to re-train the CHMM.
4.4. Factorial conditional random field
We also study another temporal probabilistic model – FCRF – which was first introduced in [32]. Unlike generative models
such as HMM, CRF is an undirected, discriminative model that relaxes the independence assumption of observations and
avoids enumerating all possible observation sequences. FCRF factorizes the basic linear-chained CRF by introducing cotemporal connections and, hence, it can be used to model interactions among multi-user activities. Fig. 3 shows an example
of FCRFs where there are two CRF chains, and the inter-state connections are conditionally trained. States at both time slices
are joined at the same time step. Given the input instance O at a time slice t, we can unroll the CRF chains, A and B, to get
a full undirected model, similar to a DBN. It is reported that discriminative models often outperform generative models in
classification tasks [33]. We explore the use of FCRF for multi-user activity recognition and compare the performance of
FCRF and CHMM.
We define FCRF to model multi-user activities as follows. Let s = {s1 . . . sT } be a sequence of random vectors si =
(si1 . . . sim ), where si is the state vector at time i, and sij is the value of variable j at time i. Let C be a set of clique indices,
F = {fk (st ,c , o, t )} be a set of feature functions and Λ = {λk } be a set of real valued weights. FCRF (C , F , Λ) is then
determined as follows:
p(s|o) =
where Z (o) =

1

∏∏

Z (o)

t

c ∈C

∑ ∏ ∏
s

s

−

exp(

c ∈C

λk fk (st ,c , o, t ))

(2)

k

exp(

∑

k

λk fk (st ,c , o, t )) is normalization constant, which ensures the final result is a probability.
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Fig. 3. Structure of FCRF.

Given an observation sequence O, we wish to solve two inference problems: (a) computing the marginals p(st ,c |o) over
all cliques st ,c , and (b) computing the Viterbi decoding s∗ = arg maxs p(s|o). The Viterbi decoding can be used to label a new
sequence, and marginal computation is used for parameter estimation.
There are many inference algorithms for CRF. Exact inference can be very computationally intensive. Loopy belief
propagation is one of the most popular algorithms for inference in CRF [32]. In general, belief propagation involves iteratively
updating a vector m = (mu (ov )) of messages between pairs of vertices ou and ov . The update from ou to ov is given by:

−

mu (ov ) ←

Φ (ou , ov )

ou

∏

mt (ou )

(3)

ot ̸=ov

where Φ (ou , ov ) is the potential on the edge (ou , ov ). Performing this update for an edge (ou , ov ) in one direction is also
called Sending a message from ou to ov . Given a message vector o, approximate marginals are computed as follows:
p(ou , ov ) ← ΦΦ (ou , ov )

∏

mt (ou )

ot ̸=ov

∏

mw (ov )

(4)

ow ̸=ou

where Φ is a normalization constant.
Parameter estimation is an approximate method used for training of FCRF. Given training data O, we aim to find a set of
parameters Λ by optimizing the conditional log-likelihood L(Λ) defined as follows:

L(Λ) =

−

log pΛ (s(i) |o(i) )

(5)

i

where O = {o(i) , s(i) }Ni=1 and Λ = {λk }.
To reduce overfitting, we define a prior p(Λ) over parameters, and optimize log p(Λ|O) = L(Λ) + log p(Λ). By using a
spherical Gaussian prior with mean µ = 0 and covariance matrix Σ = σ 2 I, the gradient becomes

∂ p(Λ|O)
∂L
λk
=
− 2.
∂λk
∂λk
σ

(6)

The function p(Λ|O) is convex and can be optimized using the L-BFGS [34] technique.
4.5. Activity models in CHMM and FCRF
The dataset we collected consists of a sequence of sensor observations for each user. We first preprocess observation
sequences to feature vectors as we described in Section 4.2. Each sequence of feature vectors will be divided into a training
sequence and a testing sequence, and input to a CHMM (or FCRF) model. The activity model will be first trained from multiple
training sequences corresponding to multiple users, and the trained model is then used to infer activities given multiple
testing sequences.
In the training process, we build a CHMM (or FCRF) model for multiple users where each single-chain HMM (or CRF) is
used for each user and each hidden state in the HMM (or CRF) represents one activity for the user. We train the CHMM model
with multiple training sequences using the parameter estimation method described in Section 4.3. When testing, the testing
sequences are fed into the trained CHMM (or FCRF) model, the inference algorithm then outputs multiple state sequences
for each single-chain HMM (or CRF) as the labeled sequences.
5. Experimental studies
We now move to evaluate these two models. Our first task is to select an appropriate sensor dataset with proper
annotations, consisting of a reasonable number of multi-user activity instances. In this section, we first describe our data
collection methodology and experimental setup, then present and discuss the evaluation results obtained from a series of
experiments.
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Fig. 4. Snapshots showing our smart home, tagged objects, and various activities being performed in our sensor data collection. (a) Our smart home, (b)
brushing teeth, (c) making tea, (d) tagged objects, (e) watching TV, (f) making coffee, (g) having a meal.

5.1. Trace collection
Collecting sensor data for multiple users in a real home is a difficult and time-consuming task. Aiming for a realistic data
collection, we first conduct a survey among 30 university students. In this survey, each participant was asked to report on
what daily activities (both single- and multi-user activities) she/he performed at her/his home, and how each activity is
performed (i.e., where each activity is performed, number of persons involved, number of times each activity is performed
each day, duration of each activity, major steps and objects used in each activity, etc.). They were asked to report not only
their own experiences, but also the experiences from their family members (e.g., parents, siblings, etc.). In return, each
participant was awarded with a small amount of remuneration. From the survey reports, we have a number of findings as
follows. In a home environment, although many daily activities can be performed by multiple users, single-user activity
is still the majority. Second, there are typically fewer than four people involved in a multi-user activity. Third, most of the
multi-user activities are performed in the same room. Fourth, interactions among users occur in a number of ways including
voice conversation, objects passing, etc.
To have a reasonable and realistic data collection, we randomly select 21 activities (shown in Table 1) from the list in our
survey. The ratio of number of single-user activities to number of multi-user activities is close to the result in our survey.
We limit the number of users to two to reduce annotation efforts. Our data collection was done in a smart home (i.e., a
living lab environment), as shown in Fig. 4 (top left). The smart home consists of a living room, a kitchen, two bedrooms, a
study room, a bathroom and a store room. Each room, except the bathroom, is equipped with a video camera for recording
the ground truth. We tagged over 100 day-to-day objects such as tablespoons, cups and computer mouse using HF RFID
tags in three different sizes—coin, clip and card. Fig. 4 (top right) shows some tagged objects in the kitchen. We have two
male subjects, and both are student volunteers from a local university. During data collection, each subject wore a set of
wearable sensors we developed and performed these activities following the typical steps for each activity. These activities
are performed in an order which is close to daily practice. Fig. 4 shows some snapshots of various activities being performed
in the bathroom, the living room, the kitchen and the study room during our data collection. A set of servers was set up in the
living room to log the trace. All the servers and sensors were synchronized before data collection. Before the collection, one
server broadcasts a message containing a timestamp of the current system and the other servers and sensors synchronize
their local clocks with the timestamp on receiving this message. For each user, a trace was logged and annotated by an
annotator who is also a student volunteer from a local university. The ground truth was also recorded by video cameras.
Data collection was done over a period of ten days across two weeks, and we collected a total number of 420 annotated
instances for both subjects. For each user, there are 150 single-user activity instances and 60 multi-user activity instances,
and the ratio of number of multi-user instances to number of single-user instances is higher than the result in our survey in
order to have more multi-user activity instances.
Compared to the dataset collected in [28], our dataset involves more activities (21 versus 15) and a much larger amount
of sensor data (wearable sensors with high sampling rate versus infrastructure sensors).
5.2. Evaluation methodology
We use ten-fold cross-validation to generate our training and test datasets. We evaluate the performance using the timeslice accuracy which is a typical technique in time-series analysis. The time-slice accuracy represents the percentage of
correctly labeled time slices. The length of time slice ∆t is set to 1 s. This time-slice duration is short enough to provide
highly accurate labeling of activities as well as precise measurements for most of the activity recognition applications and
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Table 1
Activities performed in our trace collection.
Single-user activities
0
1
2
3
4
5
6
7
a

Multi-user activities

Brushing teeth
Washing face
Brushing hair
Making pasta
Making coffee
Toileting
Ironing
Making tea

8
9
10
11
12
13
14

Vacuuming
Using phone
Using computer
Reading book/magazine
Watching TV
Having a meal
Drinking

15
16
17
18
19
20

Making pasta
Cleaning a dining table
Making coffee
Toileting (with conflict)a
Watching TV
Using computer

This is a case when one person tried to use the toilet which was occupied.

Fig. 5. Accuracy results breakdown in datasets.
Table 2
Accuracy results breakdown in type of activities and users.
Users

CHMM accuracies

User 1
User 2
Overall

FCRF accuracies

Single-user activity (%)

Multi-user activity (%)

Overall (%)

Single-user activity (%)

Multi-user activity (%)

Overall (%)

74.79
85.11
79.95

96.91
95.91
96.41

82.22
88.71
85.46

85.75
82.56
84.16

87.02
88.84
87.93

86.70
86.37
86.54

is commonly used in previous work [9,15]. The metric of the time-slice accuracy is defined as follows:
N
∑

Accuracy =
where N =

T

∆t

[predicted(n) = ground_truth(n)]

n =1

N

(7)

.

5.3. Accuracy performance
In the first experiment, we evaluate and compare the accuracies of the two multi-chained probabilistic models. Fig. 5
shows the accuracies of both CHMM and FCRF in all the ten datasets. Table 2 shows the result breakdowns in types of activity
and users, respectively. Both models achieve an acceptable performance with similar accuracies—85.46% for CHMM and
86.54% for FCRF. One observation is that CHMM outperforms FCRF in the case of multi-user activity for both users. To analyze,
CHMM couples HMMs with temporal, asymmetric influences while FCRF couples CRFs with probabilistic dependencies
between co-temporal links. When modeling user interactions, the coupling method which bridges time slices seems to offer
a better model of inter-process influences. A similar observation can be found in [31]. Another observation from Table 2
is that the recognition accuracy for multi-user activities is higher than single-user activities for both models. The results
show that both models tend to recognize an activity as performed by multiple users. For example, over half of the instances
of watching TV (single-user activity) were recognized as watching TV (multi-user activity) by CHMM and one-third of the
instances of toileting (single-user activity) were recognized as toileting (with conflict) by FCRF. Currently this phenomenon
is not properly explained. To have a clear understanding of this phenomenon, extensive experiments with more activities
and more subjects involved are necessary, and hence we leave this for our future work.
We also present the confusion matrix for each model as shown in Tables 3 and 4, respectively. The columns in each table
show the ground-truth labels and the rows show the predicted labels. The activity serial numbers in both tables are identical
to the numbers in Table 1. The values in each table are percentages, indicating that the percentage of the entire observation

L. Wang et al. / Pervasive and Mobile Computing 7 (2011) 287–298

295

Table 3
Confusion matrix of CHMM (percentages).
Ground truth activitiesa
0

Predicted
activities

a

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

0 27.8 2.4
0.1
1 72.2 97.6
5.0
2
100
3
92.9 25.3
4
7.1 74.7
5
100
6
93.7 1.1
7
1.7 93.9 3.5
8
95.6
9
100
10
100
11
68.0 1.7
12
0.4
4.8 43.3
13
0.4
0.4
84.9
14
0.3
0.4 0.1
90.2
15
2.5
0.6 0.1
90.0 4.9
16
0.3
0.4
5.5
10.0 95.1 8.8
17
0.3 5.0
0.6 0.1 0.1
91.2
18
0.2
0.4 0.1 4.4
100
19
0.1
24.4 54.4
0.2
100
20
0.8
0.1
9.7
100

Numbers in the first row and the first column are keys to the activities shown in Table 1.

Table 4
Confusion matrix of FCRF (percentages).
Ground truth activitiesa
0

Predicted
activities

a

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

0 95.6 26.3 12.4
0.2
4.2
1 1.4 72.4 9.4
0.2 1.9
2
1.3 74.2 0.1
3
3.0 78.1 3.3
1.8
0.2 10.4
1.3
4
1.9 73.7
2.3
0.2 9.6
5
0.1 63.7 0.2
6
0.6 82.2
1.9
7
6.2
0.2 93.9 0.2
0.1 5.2
8
0.3 99.6 0.4
9
0.2 94.7
10
0.2 80.9 0.6
7.3
11 0.1
1.5 0.7 93.6 0.9
29.5
12
7.7
2.9
0.3 68.4
0.1
13
0.3 94.5 0.9
1.3
14
0.1 96.7
0.6
15
0.4 9.9 0.6
0.4 89.3 0.2 1.2
16
5.3
0.3 98.0 0.1
17
0.4 10.0 15.6
1.6
0.3 82.2 0.1
18 2.9
0.3 33.4
0.3 95.5
19
0.3 9.7
5.2 28.4
0.2 70.5
20
0.2 18.4
1.8
92.1

Numbers in the first row and the first column are keys to the activities shown in Table 1.

sequence for each activity is predicted correctly, and the percentages are predicted as other labels. For CHMM, three singleuser activities (brushing hair, toileting and using computer) and two multi-user activities (watching TV and toileting (with
conflict)) give the highest accuracies, and three single-user activities (brushing teeth, reading book/magazine, and watching
TV ) perform the worst. For FCRF, two single-user activities (vacuuming and drinking), and one multi-user activity (cleaning
a dining table) perform the best, and two single-user activities (toileting and watching TV ), and one multi-user activity
(watching TV ) perform the worst. Most confusion takes place in the following four cases:
Case 1: A single-user activity is predicted as another single-user activity. For example, the result of CHMM shows that,
for the making coffee activity, while 74.7% of its entire observation sequence is predicted correctly, 25.3% of it is predicted as
another activity making pasta. The result of FCRF shows that, for the washing face activity, while 72.4% of its entire observation
sequence is predicted correctly, 26.3% of it is predicted as another activity brushing teeth. Most of these recognition errors
occur between activities within the same place and involve similar user movements and object usage. Making coffee and
making pasta both take place in the kitchen while washing face and brushing teeth both take place in the bathroom. It is also
possible that the RFID reader worn on the users’ hands may sense objects that are not supposed to be used. For example the
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RFID reader may read the tag attached on the coffee pot or the toothbrush while the user is making pasta or washing face,
respectively.
Case 2: A single-user activity is predicted as a multi-user activity. For example, the result of CHMM shows that 24.4%
of the observation sequence of reading book/magazine is predicted as watching TV (multi-user), 54.4% of the observation
sequence of watching TV (single user) is predicted as watching TV (multi-user), and the result of FCRF shows that 33.4% of
the observation sequence of toileting is predicted as toileting (with conflict).
Case 3: A multi-user activity is predicted as another multi-user activity. For example, for the making pasta activity, the
result of CHMM shows that 10.0% of its observation sequence is predicted as another activity cleaning a dining table. These
errors can occur when activities share some objects. Spoons and plates are touched when the user is making pasta or cleaning
a dining table.
Case 4: A multi-user activity is predicted as a single-user activity. For example, the result of FCRF shows that 29.5% of the
observation sequence of watching TV (multi-user) is predicted as reading book/magazine. Both activities involve sitting and
both take place in the living room.
Possible solutions for improving multi-user activity recognition include deploying more sensors which are potentially
useful to capture user interactions. For example, sensors such as gyro, 3D compass or tilt switch sensors can be potentially
used to keep track of a user’s head movement. We observe that two users usually face each other when they are talking.
Detecting that they face each other can be used as an additional feature to capture their interactions other than voice
conversation, which we leave for our future work.
5.4. Feature selection
In this experiment, we study the role of feature selection in the task of multi-user activity recognition. Feature selection
has shown to be very useful in improving the performance of an activity recognition model [35]. Different from the existing
work, we use a simple filter algorithm to rank sensor feature subsets and demonstrate its effectiveness.
A good sensor feature set is defined as one that contains sensor features highly correlated with the activity class, yet
uncorrelated with each other. In other words, a sensor feature is useful if it is correlated with or predictive of the activity
class; otherwise it is irrelevant. A feature is said to be redundant if one or more features are highly correlated with it. The
goal of feature selection is to eliminate both irrelevant features and redundant features. We perform feature selection using
the Correlation-based Feature Selection (CFS) algorithm [36] which is a simple filter algorithm that ranks sensor feature
subsets according to a correlation-based heuristic function. The bias of this algorithm is toward subsets that contain sensor
features that are highly correlated with the class and uncorrelated with each other. The evaluation of the CFS algorithm is
defined as follows:
Ms = 

krcf
k + k(k − 1)rff

(8)

where Ms is the heuristic merit of a sensor feature subset S containing k features, rcf is the mean feature-class correlation
(f ∈ S ), and rff is the average feature–feature inter-correlation. The numerator of Eq. (8) can be thought of as providing an
indication of how predictive of the activity class a set of sensor features is; the denominator how much redundancy there is
among the sensor features.
By applying the CFS algorithm in our datasets, it turns out that there are seven sensor features being selected, listed as
follows:

(ACCEL_LEFT _X _MEAN , ACCEL_RIGHT _X _VARIANCE , ACCEL_RIGHT _Z _MEAN ,
ACCEL_CORRELATION_7, AUDIO_ZCR, LEFTOBJ , LOCATION ).
While most of these sensor features are self-explanatory, feature ACCEL_CORRELATION_7 represents the correlation
between the acceleration data in the y-axis for the left hand and the acceleration data in the x-axis for the right hand.
The result suggests that the four types of sensors such as x-axis accelerometer, audio, RFID and location play key roles in a
sensor-based, multi-user activity recognition system, while other sensors such as temperature, humidity and light are less
important. This result was expected since many daily activities are associated with their unique motion patterns and audio
signals. RFID object and location are also very useful when combined with accelerometer and audio sensors. In addition, the
interaction between users when performing a multi-user activity can be typically captured by the audio sensor (i.e., voice
conversation between two users) and the RFID reader (i.e., passing objects from one user to another).
Based on the above sensor features, we re-train the two models and perform recognition based on the same sets of
training and test datasets. The results for both models are given in Table 5 (the results before feature selection are also
presented for comparison). We observe 6.23% of improvement for CHMM and 4.98% of improvement for FCRF. Table 5 also
suggests that the improvement for single-user activity is more significant than that for multi-user activity, i.e., for single-user
activity, we observe 18.64% of improvement using CHMM, and 7.81% of improvement using FCRF.
We end this evaluation with a conclusion that feature selection indeed plays an important role in activity recognition, and
we figure out there are seven sensor features which are important for recognizing both single-user and multi-user activities.
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Table 5
Effect of feature selection.
Feature
selection

Without
With

CHMM

FCRF

Single-user activity
(%)

Multi-user activity
(%)

Overall
(%)

Single-user activity
(%)

Multi-user activity
(%)

Overall
(%)

79.95
98.59

96.41
95.91

85.46
91.69

84.16
91.97

87.93
90.49

86.54
91.52

6. Conclusions and future work
In this paper, we study the fundamental problem of recognizing activities of multiple users using wearable sensors in a
home setting. We develop our wearable sensor platform and conduct a real-world trace collection in a smart home. We then
investigate a challenging problem of how to model and classify multi-user activities. We study two multi-chained temporal
probabilistic models—CHMM and FCRF—and our evaluation results demonstrate the effectiveness of both models.
There are a number of limitations in this work. Although the datasets we collected in this paper contain various cases of
both single- and multi-user activities, they are still done in a ‘‘mock’’ scenario. A more natural collection should be conducted
in a real home and done by real users. We plan to have such data collection in our future work, and evaluate these two multichained models further based on a real dataset. We perceive that such a dataset typically contains much background noise,
hence it will be challenging to handle noise in these activity models. In addition, although we introduced in Section 3 how
we designed our wearable sensor platforms, they are still obtrusive and uncomfortable for people to wear. This issue could
be addressed by the future advancement of embedded sensor technology. Moreover, as we discussed in Section 5.3, we
will further develop our sensing platform by introducing more sensors such as gyro, 3D compass, etc. These sensors will
be very useful in capturing additional sensor features related to user interactions. We plan to deploy our system in a trial
to study its performance. The temporal models we use in this paper are general models for modeling interactive signals of
different sources. They are also expected to have good performance with these new sensors. We will also investigate better
annotation methods that can accurately record the activities performed without affecting the user’s behavior.
Another limitation of our work is that, despite the fact that it is effective to recognize multi-user activities using CHMM
and FCRF, the scalability of these models has not been investigated. The complexity of inferencing CHMM is O(TN 2C ) for an
algorithm which takes the Cartesian product of C chains each with N hidden states observing T data points [31]. Although an
approximate algorithm is proposed in [31] which reduces the complexity to O(T (CN )2 ), this solution remains questionable
in term of scalability. For FCRF, the algorithms used for inferencing from the model are also computationally expensive.
One possible way of reducing the complexity is using the location information to reduce the search space of the models by
assuming that activities involving multiple users can only be performed when all the users related are at the same location.
We plan to investigate the scalability issue of both models in our future work.
We will also investigate a possible future research direction—to recognize activities in a more complex scenario where
single- and multi-user activities are mixed with interleaved (i.e., switching between the steps of two or more activities) or
concurrent (i.e., performing two or more activities simultaneously) activities. For example, while two users are preparing a
meal, one of the users turns on the TV to watch today’s headline news. Similar cases may exist in our daily lives. Recognizing
activities in such a complex situation can be very challenging while we consider both single- and multi-user activities at the
same time and, hence, an in-depth study is required. Our final goal is to develop an efficient, real-time, sensor-based activity
recognition system capable of recognizing various activities for multiple users under different real-life scenarios and deploy
the system for real-life trials.
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