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Figure 2: A hybrid discriminative/generative model.

When learning the parameters of an HMM from training
data Xtrain and Ytrain, we find the HMM parameters that
maximize P (Xtrain, Ytrain). When labeling test data X ,
namely computing P (Y |X), we first compute P (X, Y ) and
then compute P (Y |X) from P (X, Y ) by using Bayes’ rule.
CRF (Lafferty, McCallum, and Pereira 2001) is a discrim-
inative model for sequential data that can learn its parame-
ters by directly maximizing P (Ytrain|Xtrain). Fig. 1 (c)
shows a linear-chain CRF. Like the HMM in Fig. 1 (b),
it also consists of observed and hidden variables. How-
ever, unlike the HMM, the variables are connected with
each other by undirected arrows. In CRF, P (Y |X) is rep-
resented as an exponential distribution model as follows:
P (Y |X) = 1

Zx
exp

!"T
t=1 (

"
k !kfk(yt, X))

#
, where Zx

is a normalization function, fk(yt, X) is a feature function,
and !k is the weight of the function. The linear-chain CRF
is also used to model ADLs with outputs of small ubiquitous
sensors (Kasteren et al. 2008).

As above, HMM and CRF are probabilistic models for se-
quential data. However, we deal with sensor data obtained
from multi-modal sensors. As we mentioned in section 1,
the sensor data have the following characteristics: (i) A fea-
ture vector extracted from the sensor data has many dimen-
sions. (ii) Features extracted from various kinds of sensors
have different scales of values. The first characteristic com-
plicates the estimation of the GMM parameters of an HMM.
The second one can emphasize large scale features when
we recognize feature vectors with an HMM or a CRF. With
CRF, higher rather than lower scale features tend to affect
the computational results, because the above equation in-
cludes the sum of the weighted features

"
k !kfk(yt, X).

3. Our device and extracted features
Our prototype device
Here, we describe a sensor device that we have developed
to recognize complex ADLs (Authors XXXX). Fig. 3 (a)
shows our prototype device. Based on our view that most
human activities are performed using the hands, our device
is designed to be attached to a dominant wrist and thus cap-
tures hand activities. In addition, instead of attaching multi-
ple sensors to multiple points on the body, we attach a sin-
gle sensor device with multi-modal rich sensors to a single
point on the body. Our device is equipped with a micro-
phone, a three-axis accelerometer, a light sensor, and a digi-
tal compass, which are commonly used for wearable activity
recognition (Lukowicz et al. 2004; Lester et al. 2005). In
addition, our device is equipped with a camera that is posi-
tioned to capture the space around the wearer’s hand. The
camera permits us to capture objects held by the user and
objects around her hand. Because objects used by the user
are strongly related to the ADL that the user is performing,
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Figure 3: (a) Our developed sensor device, (b) captured im-
ages during making green tea.

the images of the objects captured by the camera are very
useful as regards recognizing the ADL. Because our device
is a prototype, we use a wired USB camera, a wired micro-
phone, and a wired sensor board with three other sensors.
These sensors are connected by cables to a laptop carried in
a backpack and they send their data to the laptop.

Feature extraction
From the sensor data obtained with the above sensors, we
extract features that we use as elements of a feature vec-
tor ft. We use various kinds of sensors with different sam-
pling rates. Thus, after extracting features from the sensor
data for each sensor type in an appropriate size window, we
combine them into one second windows with a 50% overlap
and compute averages for each feature in each window. The
computed averages in each window at time t correspond to
the elements of ft. We explain how we extract the features.
[Visual features]
Fig. 3 (b) shows a sequence of images that were captured
while a participant made green tea: (1) he was picking up
the green tea tin, (2) he was putting tea leaves into the teapot,
(3) he was pouring boiled water from the electric kettle, and
(4) he was pouring green tea into the cup. The objects cap-
tured in the images are extremely blurred, and most images
capture only a tiny portion of an object. For this reason, we
simply use the color information in the images as the visual
features. Namely, we simply count the number of pixels in
each image whose colors are similar to a characteristic color
of an ADL, and use that number as a feature value. That
is, we extract c characteristic colors for each ADL from the
training data in advance. We extract c!N kinds of features
from one image. (c = 5 in our implementation.)

We briefly explain how to extract the characteristic col-
ors of an ADL. (i) We cluster all the color pixels in all the
raw images labeled as the ADL into 64 clusters by using
the k-means algorithm. Then, we compute the average color
of each cluster. This procedure provides 64 representative
colors for the ADL. (ii) From these 64 candidate (represen-
tative) colors, we extract the top-c candidate colors as the
characteristic colors of the ADL. We rank the 64 candidate
colors in terms of information gain. The information gain
is usually used to find distinguishable features of instances.
The information gain of a feature increases as the correct-
ness with which the feature classifies the instances increases.
Here, we provide an example. Assume that the color of a
green tea tin used in making green tea is red and the other
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When learning the parameters of an HMM from training
data Xtrain and Ytrain, we find the HMM parameters that
maximize P (Xtrain, Ytrain). When labeling test data X ,
namely computing P (Y |X), we first compute P (X, Y ) and
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human activities are performed using the hands, our device
is designed to be attached to a dominant wrist and thus cap-
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the images of the objects captured by the camera are very
useful as regards recognizing the ADL. Because our device
is a prototype, we use a wired USB camera, a wired micro-
phone, and a wired sensor board with three other sensors.
These sensors are connected by cables to a laptop carried in
a backpack and they send their data to the laptop.

Feature extraction
From the sensor data obtained with the above sensors, we
extract features that we use as elements of a feature vec-
tor ft. We use various kinds of sensors with different sam-
pling rates. Thus, after extracting features from the sensor
data for each sensor type in an appropriate size window, we
combine them into one second windows with a 50% overlap
and compute averages for each feature in each window. The
computed averages in each window at time t correspond to
the elements of ft. We explain how we extract the features.
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Fig. 3 (b) shows a sequence of images that were captured
while a participant made green tea: (1) he was picking up
the green tea tin, (2) he was putting tea leaves into the teapot,
(3) he was pouring boiled water from the electric kettle, and
(4) he was pouring green tea into the cup. The objects cap-
tured in the images are extremely blurred, and most images
capture only a tiny portion of an object. For this reason, we
simply use the color information in the images as the visual
features. Namely, we simply count the number of pixels in
each image whose colors are similar to a characteristic color
of an ADL, and use that number as a feature value. That
is, we extract c characteristic colors for each ADL from the
training data in advance. We extract c!N kinds of features
from one image. (c = 5 in our implementation.)

We briefly explain how to extract the characteristic col-
ors of an ADL. (i) We cluster all the color pixels in all the
raw images labeled as the ADL into 64 clusters by using
the k-means algorithm. Then, we compute the average color
of each cluster. This procedure provides 64 representative
colors for the ADL. (ii) From these 64 candidate (represen-
tative) colors, we extract the top-c candidate colors as the
characteristic colors of the ADL. We rank the 64 candidate
colors in terms of information gain. The information gain
is usually used to find distinguishable features of instances.
The information gain of a feature increases as the correct-
ness with which the feature classifies the instances increases.
Here, we provide an example. Assume that the color of a
green tea tin used in making green tea is red and the other

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
ft = (f t
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t
K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
ft = (f t

1, f
t
2, ..., f

t
K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.
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some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.
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Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
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From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max
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P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
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K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
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K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.
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we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
ft = (f t

1, f
t
2, ..., f

t
K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
ft = (f t
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K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
ft = (f t
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2, ..., f
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K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
ft = (f t
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K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
ft = (f t

1, f
t
2, ..., f

t
K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.
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From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max
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P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
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t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we

!
!

!
!"
!"#"$%

!
"#
&%#"% !

$
!"#''

!
""
&'%(

!!!!
%
!)*#+

!"# $%

!"# !"# $%$%

!"# $%!"# $%

"
"

"
%

"
"

"
#

!!!

(a)

!
!

!
!"#

!
!$#

"
!

"
!"#

"
!$#

!!!!!!

(b)

!
!

!
!"#

!
!$#

"
!

"
!"#

"
!$#

!!!!!!

(c)

Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.

2. Background
Problem formulation
Here, we formulate our assumed ADL recognition prob-
lem. Sensor data are sampled at a certain sampling rate.
From a sensor data sequence X = x1, x2, ..., xT , we can
extract a feature vector sequence F = f1, f2, ..., fT , where
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K)T corresponds to a feature vector at time

t. The sequence is used to recognize (and model) ADLs.
From the feature vector sequence, we estimate a label se-
quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max

yt

P (yt|xt) by

using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
ing label and its probability. First, in the example, the tree
judges whether the value of the 21st feature of ft is greater
than 0.031 at the root node. Based on the judgment, we
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Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.

simple HMM is not suitable for handling high dimensional
data with different feature value scales. A CRF is also un-
suitable for handling feature values with varied scales. To
handle feature vector sequences with such characteristics,
in this paper, we employ a two-tier model where the 1st
layer consists of classifiers that can deal with sensor data
with such characteristics, and the 2nd layer consists of such
models as CRFs that can handle sequential data. The 1st
layer classifier is a binary classifier prepared for each ADL.
The classifier is directly trained with the feature vectors and
it outputs the probability of the occurrence of its associated
ADL. For example, a binary classifier for a tooth brushing
ADL learns whether or not tooth brushing occurs. The 2nd
layer classifier is trained by using the output probabilities of
the 1st layer classifiers. Because values of the output proba-
bility are normalized and the output has few dimensions, the
output is suitable as the input for CRF (or HMM). Note that,
as mentioned above, we should recognize complex ADLs
without detailed sub-activity labels. Thus, we should care-
fully select models that can also cope with the problem as
the classifiers.

The rest of this paper is organized as follows. Section 2
formulates our assumed ADL recognition problem and in-
troduces related work on ADL recognition. Section 3 in-
troduces our developed sensor device and explains features
extracted from sensor data obtained from the device. Section
4 presents our proposed ADL modeling method. Section 5
describes an experimental evaluation of our method and we
conclude this paper in section 6.
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quence Y = y1, y2, ..., yT . A = {A1, ..., AN} is a set of
values of each label. That is, A corresponds to a set of
ADLs to be learned, e.g., making tea and brushing teeth.
Normally, labeled training data (Xtrain and Ytrain) are pre-
pared. To learn ADLs, we estimate model parameters ! by
using the training data. By using the obtained parameters !,
we label test data X . That is, we find the Y that maximizes
P (Y |X ; !).

Activity modeling methodologies
Here, we introduce some existing activity modeling ap-
proaches. Bao and Intille recognize simple activities such
as walking and running with accelerometers attached to the
hip, wrists, etc. They simply compute arg max
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using a discriminative classifier such as a decision tree. Fig.
1 (a) shows an example decision tree. For each feature vec-
tor ft extracted from xt, the tree computes its correspond-
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than 0.031 at the root node. Based on the judgment, we

!
!

!
!"
!"#"$%

!
"#
&%#"% !

$
!"#''

!
""
&'%(

!!!!
%
!)*#+

!"# $%

!"# !"# $%$%

!"# $%!"# $%

"
"

"
%

"
"

"
#

!!!

(a)

!
!

!
!"#

!
!$#

"
!

"
!"#

"
!$#

!!!!!!

(b)

!
!

!
!"#

!
!$#

"
!

"
!"#

"
!$#

!!!!!!

(c)

Figure 1: (a) an example of a decision tree for activity mod-
eling, (b) a right-to-left HMM, (c) a linear-chain CRF.

move down the tree branch. The procedure is repeated until
we reach a leaf node. See (Quinlan 1993) for more detail.

HMM has been used to learn time series data. There are
some methods that use HMMs to model ADLs (Lukowicz
et al. 2004; Lester et al. 2005). We describe a simple ap-
proach that uses a right-to-left HMM. In the approach, we
simply regard hidden and observed variables of the HMM
as a sequence of labels and sensor data (feature vectors),
respectively, as shown in Fig. 1 (b). In the model, a hid-
den variable yt depends only on the previous hidden vari-
able yt!1. Also, an observed variable xt depends only on a
hidden variable yt. When the feature is a continuous value,
the observed variables are represented as a Gaussian mixture
model (GMM). This HMM can learn the transition probabil-
ities of ADLs and output probabilities of feature vectors.

Here, we describe another HMM approach. This ap-
proach uses a right-to-left HMM for each ADL. The ob-
served variables of the HMM also correspond to a sequence
of feature vectors. On the other hand, hidden variables rep-
resent sub-activities. That is, each HMM can learn a tem-
poral pattern of sub-activities in its corresponding ADL.
With the Baum-Welch algorithm (Welch 2003), we can learn
HMM parameters without labeled sub-activity sequences.

As described above, the HMM permits us to capture the
temporal regularity of ADLs. However, our task is to clas-
sify each observed sensor data into a class (ADL). A dis-
criminative model is generally more suitable for classifica-
tion tasks than a generative model such as an HMM. Lester
et al. use a hybrid discriminative/generative approach to
model ADLs. As shown in Fig. 2, they prepare binary
discriminative and generative classifiers for each ADL and
combine them. The discriminative classifier is an ensem-
ble of decision stumps (one node decision tree) learned by
AdaBoost (Freund and Schapire 1996). The outputs of the
discriminative classifiers are used as inputs of the generative
classifiers (HMM). In this model, the discriminative clas-
sifiers can compensate for the shortcomings of generative
models used as classifiers (Jaakkola and Haussler 1999). In
addition, the discriminative classifiers can reduce the num-
ber of dimensions of the HMM input because the input is a
vector of the output probabilities of the discriminative classi-
fiers (P (A1|ft), P (A2|ft), ..., P (AN |ft))T . We assume that
the number of features K is larger than that of ADL classes
N . However, this method is designed for simple activities
such as walking and biking.
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Figure 2: A hybrid discriminative/generative model.

When learning the parameters of an HMM from training
data Xtrain and Ytrain, we find the HMM parameters that
maximize P (Xtrain, Ytrain). When labeling test data X ,
namely computing P (Y |X), we first compute P (X, Y ) and
then compute P (Y |X) from P (X, Y ) by using Bayes’ rule.
CRF (Lafferty, McCallum, and Pereira 2001) is a discrim-
inative model for sequential data that can learn its parame-
ters by directly maximizing P (Ytrain|Xtrain). Fig. 1 (c)
shows a linear-chain CRF. Like the HMM in Fig. 1 (b),
it also consists of observed and hidden variables. How-
ever, unlike the HMM, the variables are connected with
each other by undirected arrows. In CRF, P (Y |X) is rep-
resented as an exponential distribution model as follows:
P (Y |X) = 1

Zx
exp

!"T
t=1 (

"
k !kfk(yt, X))

#
, where Zx

is a normalization function, fk(yt, X) is a feature function,
and !k is the weight of the function. The linear-chain CRF
is also used to model ADLs with outputs of small ubiquitous
sensors (Kasteren et al. 2008).

As above, HMM and CRF are probabilistic models for se-
quential data. However, we deal with sensor data obtained
from multi-modal sensors. As we mentioned in section 1,
the sensor data have the following characteristics: (i) A fea-
ture vector extracted from the sensor data has many dimen-
sions. (ii) Features extracted from various kinds of sensors
have different scales of values. The first characteristic com-
plicates the estimation of the GMM parameters of an HMM.
The second one can emphasize large scale features when
we recognize feature vectors with an HMM or a CRF. With
CRF, higher rather than lower scale features tend to affect
the computational results, because the above equation in-
cludes the sum of the weighted features

"
k !kfk(yt, X).

3. Our device and extracted features
Our prototype device
Here, we describe a sensor device that we have developed
to recognize complex ADLs (Authors XXXX). Fig. 3 (a)
shows our prototype device. Based on our view that most
human activities are performed using the hands, our device
is designed to be attached to a dominant wrist and thus cap-
tures hand activities. In addition, instead of attaching multi-
ple sensors to multiple points on the body, we attach a sin-
gle sensor device with multi-modal rich sensors to a single
point on the body. Our device is equipped with a micro-
phone, a three-axis accelerometer, a light sensor, and a digi-
tal compass, which are commonly used for wearable activity
recognition (Lukowicz et al. 2004; Lester et al. 2005). In
addition, our device is equipped with a camera that is posi-
tioned to capture the space around the wearer’s hand. The
camera permits us to capture objects held by the user and
objects around her hand. Because objects used by the user
are strongly related to the ADL that the user is performing,

Camera

Microphone

Accelerometer

Light sensor

Digital Compass

(a)

(1) (2)

(3) (4)

(b)

Figure 3: (a) Our developed sensor device, (b) captured im-
ages during making green tea.

the images of the objects captured by the camera are very
useful as regards recognizing the ADL. Because our device
is a prototype, we use a wired USB camera, a wired micro-
phone, and a wired sensor board with three other sensors.
These sensors are connected by cables to a laptop carried in
a backpack and they send their data to the laptop.

Feature extraction
From the sensor data obtained with the above sensors, we
extract features that we use as elements of a feature vec-
tor ft. We use various kinds of sensors with different sam-
pling rates. Thus, after extracting features from the sensor
data for each sensor type in an appropriate size window, we
combine them into one second windows with a 50% overlap
and compute averages for each feature in each window. The
computed averages in each window at time t correspond to
the elements of ft. We explain how we extract the features.
[Visual features]
Fig. 3 (b) shows a sequence of images that were captured
while a participant made green tea: (1) he was picking up
the green tea tin, (2) he was putting tea leaves into the teapot,
(3) he was pouring boiled water from the electric kettle, and
(4) he was pouring green tea into the cup. The objects cap-
tured in the images are extremely blurred, and most images
capture only a tiny portion of an object. For this reason, we
simply use the color information in the images as the visual
features. Namely, we simply count the number of pixels in
each image whose colors are similar to a characteristic color
of an ADL, and use that number as a feature value. That
is, we extract c characteristic colors for each ADL from the
training data in advance. We extract c!N kinds of features
from one image. (c = 5 in our implementation.)

We briefly explain how to extract the characteristic col-
ors of an ADL. (i) We cluster all the color pixels in all the
raw images labeled as the ADL into 64 clusters by using
the k-means algorithm. Then, we compute the average color
of each cluster. This procedure provides 64 representative
colors for the ADL. (ii) From these 64 candidate (represen-
tative) colors, we extract the top-c candidate colors as the
characteristic colors of the ADL. We rank the 64 candidate
colors in terms of information gain. The information gain
is usually used to find distinguishable features of instances.
The information gain of a feature increases as the correct-
ness with which the feature classifies the instances increases.
Here, we provide an example. Assume that the color of a
green tea tin used in making green tea is red and the other
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Current State of the Art: Gait Recognition
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Rong et al., A Wearable Acceleration Sensor System for Gait Recognition, ICIEA 2007
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Time (hours)
ML ML+Boost VEB sML sML+Boost sVEB

Dataset 1 34 18 2.5 96 48 4

Dataset 2 7.5 4.25 0.4 10.5 8 0.6

Table 4:

Maryam Mahdaviani and Tanzeem Choudhury. Fast and Scalable Training of Semi-Supervised 
CRFs with Application to Activity Recognition. Appears in the Proceedings of NIPS 2007.

3.5 hours (.25 sec windows)

15 hours (1 minute windows)

Activity Recognition Systems: Training Time

Thursday, April 8, 2010
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WHY SO COMPLICATED?
(REMEMBER, THE PROBLEM IS EASY)
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THE FEATURES SUCK
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THROW KITCHEN SINK AT IT
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IDEA: 
TIME-DELAY EMBEDDINGS
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TECHNIQUE FOR 
RECONSTRUCTING DYNAMICAL 
SYSTEMS FROM OBSERVATIONS
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MAKES SENSE!
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EXAMPLE: GAIT RECOGNITION
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DOES IT WORK?
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•40 subjects walk for 12-20 seconds each (down a 
hall, turn around, and come back).

•Train model on 1/5 of the data for each subject, 
test on other 4/5 (repeat 5 times and average)
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•5 Features for time-delay reconstruction.

•100% Precision
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ACTIVITY RECOGNITION

• 5 Actions: Walking, Running, Up Stairs, Down Stairs, Lingering

• Accelerometer and Barometer sensors

• Take 20 ten-second segments of each activity (except 
lingering), train 20 models per activity. 12 features for time-
delay embedding. NO PREPROCESSING OF THE DATA.

• For each model, learn the mean and standard deviation for 
each activity.
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ACTIVITY RECOGNITION

• 7.2 hours of data from a single subject.

• Took 9 minutes to train models. Took 12 hours to label the 
entire data set.

• 83% Precision. State of the art is around 86% on a similar (but 
different) data set. 

•Models were selected randomly, so lots of room for 
improvement.
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WITH 12 FEATURES, I CAN 
MATCH THE PERFORMANCE 
OF THE STATE OF THE ART, 

WHICH USES 651 FEATURES.
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BUT WAIT, THERE’S MORE
(TIME PERMITTING)
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SEMI-SUPERVISED LEARNING
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SEMI-SUPERVISED LEARNING
•With only 1 label per subject-activity pair, we can correctly 

label 93.9% of the unlabeled data.

•With only 1 label per activity for only one subject, we can 
correctly label 92.1% of the unlabeled data.
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ACTIVITY AND GAIT 
RECOGNITION ARE EASY
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IF YOU USE THE RIGHT REP’N!
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THANK YOU
QUESTIONS?
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