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One of the challenges in human activity recognition is the ability for an intelligent system to discover the activity
models by itself. In this paper, we propose an incremental approach to discover human activities from unlabeled data
using K-means. The approach does not require prior specification of the number of clusters, or k-value, and has the
ability to reject random movements or noise. Simple algorithm is used making the approach easy to implement without
requiring any prior knowledge in the data. We evaluated the effectiveness of the approach and the results show more
than 30% improvement in precision and 19% improvement in recall when compared to the results obtained using a
non-incremental approach with cluster validity index. The achievement in human activity discovery will enable the
wide adoption of human activity recognition technologies in the natural human living environment where labeled data

are not available.
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1. Introduction

Human activity recognition (HAR) is the ability of an in-
telligent system to understand what people are doing. Sig-
nificant achievements in HAR technologies "® have been
made in applications where the systems can be provided with
models learned in a supervised manner. However, we have
not seen wide adoption of HAR technologies in our homes,
where such technologies will play an important role in as-
sisted living.

One of the reasons that hinders the use of HAR in our
homes is the wide variation in the nature of human daily ac-
tivities. It is difficult to come up with a definite set of human
activity models that will suit everyone. Another reason is
the lack of labeled data in our homes. In such environment,
a supervised approach in learning activity models cannot be
directly applicable. Ideally we want the system to learn the
activity models by itself. This is the aim of human activity
discovery.

Human activity discovery is the autonomous learning of
activity models in an unsupervised fashion. Given the in-
creased uncertainty in learning from unlabeled data, human
activity discovery is less developed than the supervised ap-
proach in learning activity models. Clustering algorithms are
widely used in solving unsupervised learning problems. An
important issue in all clustering algorithms is the need to de-
termine the number of clusters in the data. There have been
various approaches developed to address the issue and the
suitability of each approach depends on the nature of the data.
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In this paper, we propose an incremental approach of clus-
tering for human activity discovery. This approach uses a
simple algorithm and is easy to implement. It does not re-
quire prior specification of the number of clusters. Unlike
methods that attempt to “estimate an optimal number of clus-
ters”, our approach attempts to “find good clusters” from the
data. The approach is designed to reject noise, i.e. random
movements in human activity discovery.

The contributions of this paper are twofold. First, a novel
approach to incrementally “find good clusters” is proposed.
The approach is generalized to perform clustering of noisy
data without prior specification of the number of clusters. It
is applicable in other application domains besides human ac-
tivity discovery. Second, we demonstrate the effectiveness of
the approach in human activity discovery. Given that each
individual person may perform an activity in different man-
ner, the algorithm is expected to discover activity models for
each individual separately. For this reason, the experiment
is conducted on data from individual subject. The develop-
ment of such algorithm will enable the wide adoption of HAR
technologies in the regular househould settings and facilitate
assisted living.

The remaining of this paper is organized as follows: Sec-
tion 2 describes related current works on human activity
discovery. In Section 3, we describe the existing non-
incremental approach we have used to compare with our pro-
posed approach. In Section 4, we describe our proposed in-
cremental approach of clustering for the purpose of human
activity discovery. In Section 5, we describe the data used
and the experiments conducted to evaluate the proposed ap-
proach. We discuss the results in Section 6 and conclude the
findings in Section 7.

2. Related Works

Owing to the increased difficulty in dealing with unlabeled
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data, there have been significantly less works in the unsu-
pervised approach in human activity recognition than those
using the supervised approach. A number of in-depth sur-
veys and reviews **® on human activity recognition (HAR)
technologies have been published. From these articles, we
observe that HAR has been extensively studied in the field of
computer vision. We also note the works reported in these
surveys are based on the supervised approach.

In the domain of human activity discovery, i.e. the unsu-
pervised approach, a good number of the works are sensor-
based @, These works predict activities from the signals ob-
tained from sensors embedded in the environment, attached
to the user’s body or tagged on objects. A sensor-based ap-
proach cannot be conveniently implemented in the existing
home setting. Our interest is focused on vision-based human
activity discovery.

Two notable works in the vision-based unsupervised ap-
proach for human activity recognition are that of Niebles et
al.® and Cui et al. ©. In both works, the number of activities
was specified a priori. In unsupervised learning, clustering in
particular, automatically determining the number of clusters
has been one of the most difficult problems “”. The typical
way to estimate the number of clusters, or k-value, is to per-
form the clustering for the range of kK = 2 to n and evaluate
the clustering results at each k-value, where n is the number
of data points in the dataset. The k-value that gives the best
clustering result based the chosen criteria is taken as the op-
timal k-value.

There have been various criterion "” used to evaluate the
clustering outcome. They are referred as cluster validity in-
dices. The approach using the cluster validity indices to de-
termine the number of clusters are however not taking an in-
cremental approach. They lack the ability to deal with data
that have significant noise, such as the random movements in
the case of human activity recognition. In our earlier work *?,
we investigated the use of cluster validity indices for human
activity discovery. We evaluated the effectiveness of five in-
dices """, Out of the five indices, the most effective index
to determine k in our dataset was the Hartigan index. While
we had proposed to use threshold with cluster homogeneity
measures to reject random movements, it was found difficult
that the process also significantly rejected clusters of valid
activities.

In this paper, we propose an incremental approach that
can automatically discover clusters from noisy data with-
out the specification of k-value a priori. The approach
avoided the need to use threshold in determining the clus-
ters to be rejected. The approach is also more computational
efficient when compared to the non-incremental approach
in determining the number of clusters. Unlike the non-
incremental approach, the proposed incremental approach
looks for “good clusters” rather than finds an “optimal k-
value”.

We describe our approach as incremental due to its be-
havior that incrementally finds new clusters from modified
dataset. We have avoided using the term “incremental clus-
tering”, which generally refers to dealing with dynamic data,
i.e. on-line mode. Our incremental approach can be used in
batch mode, as demonstrated in this paper, as well as on-line
mode. In on-line mode, new data points can be added to the

modified dataset. This will require a mean to identify if the
new data points can be assigned to existing clusters. This,
however, is beyond the scope of this paper.

3. Discovery of Activities using Cluster Validity
Index

In this section, we describe the existing non-incremental
approach to determine the number of clusters that we have
used to compare with the proposed incremental approach.

As discussed in Section 2, we had found that the Harti-
gan index " is most suitable for our dataset when estimating
the number of clusters using cluster validity indices. We will
compare the proposed incremental approach with the use of
Hartigan index to discover clusters.

To use a cluster validity index to estimate a suitable k-
value, we first run clustering for a range of k-values, i.e. from
k = 2to k = kyay. For each k-value, we compute the cluster
validity index. In the case of Hartigan (Ha) index, the index
is calculated as below:

trace (SSW (k)) B
trace (SSW (k+ 1))

k
SSWHR =Y S (=) (x =) o )

Jj=1 x;eC;

Ha(k)z( 1)(n—k—1)---(1)

where n is the number of data points in the dataset, and
S S W(k) is the (sum-of-square) within-cluster scatter matrix,
xﬁ" ) is ith data point in Cluster j and c; is the centroid of Clus-
ter j, i.e., C;. Data points are column vectors.

The objective of using Hartigan index to determine k-
value is to take the k-value at which Ha crosses a threshold.
Ha < 10 is typically used and we have used this value in our
work reported in this paper.

4. Proposed Incremental Discovery of Activities

In this section, we describe our proposed incremental ap-
proach to discover human activities from unlabeled observa-
tions. This approach is motivated by the way children learn
about their environment in an incremental manner. For ex-
ample, while there are many activities going on, children do
not learn all of them at once. They learn them over time.

4.1 Algorithm Fig. 1 gives the psuedo code of our
proposed incremental approach to discover clusters of activi-

inc_discovery( X, MinPt ):
n = size of X;
k=sqrt(n);
Set the value of MinPt;
While £ > 2 do:
Cluster X into k clusters;

Evaluate the homogeneity of each cluster that
has at MinPt members;

Collect the most homogeneous cluster, C*;
Remove the members of C* from X] i.e.
X=X-C%

Compute new k = sqrt( n* ) where n* is the size
of trimmed X;

Fig.1. Incremental Discovery of Activities
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ties. It takes the dataset X and the minimum point per cluster
MinPt parameter as input. It returns a set of clusters that the
algorithm has discovered. Not all data points in the dataset
will be clustered.

The basic idea is to start with a sufficiently high value of
k, kimax- kmax can be up to n, the number of data points in the
dataset. However, it helps to restrict the computation time
by setting a reasonable value for k,,,,. There is no concrete

o

0 1 2

n =53 kpay =V53=7

Fig.2. Fictitious Dataset for Illustration of Incremental
Approach in Clustering in Fig. 3.
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guideline for the choice of k., however many researchers
had referred to Mardia et al. ¥ as stating the rule of thumb
for setting k = /5. We have chosen k. = Vi, which in-
cludes the value of k suggested by the said rule of thumb.

For each k-value, clustering is performed on the dataset
and the homogeneity of each of the clusters is evaluated. The
choice of clustering algorithm and cluster homogeneity mea-
sure will be described in the following subsections. The most
homogeneous cluster is collected and the members removed
from the dataset. A new value of k is then computed from the
new population nx of the pruned dataset.

The process gradually lower the value of k until £ = 2. To
ensure the clusters have sufficient observations to model the
activities, a minimum points or minimum membership pa-
rameter (MinPt) can be imposed.

Fig. 3 shows the comparison between the non-incremental
approach using cluster validity index, e.g. Hartigan Index,
and our incremental approach. The figure shows the outcome
of each iteration of the algorithm. In each iteration, the left
hand side shows the outcome from the non-incremental ap-
proach, i.e. using cluster validity index, while the right hand
side is the outcome from the incremental approach.
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Illustration of Effectiveness of Incremental Approach in Comparison with Non-Incremental Approach

Using Cluster Validity Index. The dataset is shown in Fig. 2.
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A factitious dataset with 53 data points was used. There
are apparently three clusters surrounded with noise. Given
n = 53, ky,, is approximately 7. The incremental approach
started with highest k = k;,,,, while the non-incremental ap-
proach started with lowest k = 2. The non-incremental ap-
proach iterated through all values of k£ from 2 to 7 and com-
puted the cluster validity index in each iteration. An “op-
timal” k-value was determined based on the cluster validity
index value and the resulting clusters from the “optimal” k-
value were taken as the outcome. All data points were as-
signed to a cluster, i.e. there was no noise rejection. This
approach took six iterations to complete.

On the other hand, with the incremental approach, the clus-
ters are obtained from the “best” cluster of each run of the
clustering algorithm. It found one cluster in each iteration.
The discovered cluster is trimmed from the dataset after each
run and the distribution of the data is perturbed. This trim-
ming can potentially lead to the discovery of clusters not
found in the large dataset. By fifth iteration, it has found five
clusters and rejected some noise points. The objective of the
approach is not to estimate an optimal number of clusters, but
instead it attempts to find good clusters from the data. This is
useful when we have noisy data.

The trimming in each iteration also reduces the overall
computation time when compared to the non-incremental ap-
proach. In the non-incremental approach using cluster valid-
ity index, the algorithm search through the range of k-value,
from k = 2 to k = k,u with the same number of data
points, n, at all k-values. On the other hand, the incremen-
tal approach keeps reducing the number of data points, n, in
each iteration. It also lowers the k-value based on the reduced
number of data points. It does not necessary go through all
values of k within the range of k = 2 to k = kju,. The al-
gorithm starts from the highest k-value allowing it to find a
cluster right from the first iteration.

4.2 K-means Clustering For the purpose of evalu-
ating the effectiveness of the incremental approach, we use
K-means " clustering. It is one of the simplest unsupervised
learning algorithms. Given the required number of clusters,
k, K-means group the points (observations) in the dataset by
minimizing the distance from each data point to a cluster cen-
ter (centroid). The goal of K-means is to minimize the sum
of the squared error over all k clusters as given in Eq. (3).

where k is the number of clusters,  is the number of data
points (observations), xﬁj) is ith data point in Cluster j and c;
is the centroid of Cluster j, i.e., C;.

To minimize the effect of random initialization in K-means,
it’s common practice to perform multiple runs of K-means for
a given k-value and select the result from the run that gives
the lowest cost function value.

4.3 Cluster Homogeneity Measure To assess the
homogeneity, i.e., cohesiveness and compactness, of individ-
ual cluster and rank them accordingly, we define two mea-
sures: the intra-cluster mean variance (5%) and mean joint
probability density function (Ff).

Low value of variance & indicates compactness of the
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cluster.
mean variance o (Cj) = mean (Uar (Cj)) ........ 4)
var (Cj) = njl— I x;i (x,-(j) — }(j))Az ............. 5)
centroid ¥ = mean (xl. c C_i) ................... (6)
where xl@ = [x;1 - -+ xjp] is a data point in Cluster C; with

dimension p, n; is the number of points in Cluster C;, 0
(dimension p) is the mean of all points in Cluster C;, A2 is
element-wise square.

The main difference between the two criteria is that the
variance evaluates the distance of the data points to the cen-
troid, while the probability density function evaluates if the
data points are distributed in the form of normal distribution.

The joint probability density function assumes that obser-
vations of a non random activity should be normally dis-
tributed within its cluster around the cluster centroid with the
standard deviation of the cluster. High value of mean joint
probability density function ﬁf indicates good cohesion of
the cluster based on the assumption of normal distribution.
Logarithm in Eq. (8) is used to compress the range of the val-
ues.

In both cases, the “mean” is taken across the dimensions
of the data. Since the data points are multidimensional, the
average (i.e. mean) across all dimensions gives a single value
measure.

mean join[ probability ....................... (7)
ﬁf (Cj) = mean (P (C_,-))
14
p(Cj) = Z In (pdf (xf}))) ..................... 8)
f=1
iy
pdf (xl(})) = ) 9)

o —¢

N2
f}) is the fth dimension of xgj), ,u;:” is the méan
value of the fth dimension of all points in Cluster C}, 0';” is
the standard deviation value of the fth dimension of all points

in Cluster C;.

where x

5. Data and Experiment

5.1 Data  The input data to our algorithm are features
extracted from the 3-D coordinates of the joint position of
the human skeleton as shown in Fig.4. The coordinates are
obtained from the OpenNI SDK “” of the commercial RGB-
D (RGB-Depth) sensor, Microsoft Kinect®”. In this paper,
we evaluated the proposed algorithm on our dataset and the
activities from a third party dataset Cornell Activity Dataset
CAD-60 .

There are five datasets being considered. Each of the
dataset is a set of activities performed by a single subject.
Table 1 gives the list of activities by four of the subjects,
Person 1 to Person 4. The nine activities (Al to A9) are
from the CAD-60 dataset. Table 2 gives the list of activities
by the fifth subject, Person 5. The sixteen activities (B1 to
B16) are from our dataset. In all the dataset, random move-
ments (RA) are included. Each dataset contains 56 instances

IEEJ Trans. EIS, Vol.134, No.11, 2014
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Righ'% Foot

II
Left I.'Foot
)

Fig.4. Human skeleton composed from fifteen (15)
joints.

Table 1. List of activities by Person 1 to 4

Al
A2
A3
A4
AS
A6
A7
A8
A9
RA

Brushing teeth

Cooking (chopping)
Cooking (stirring)
Relaxing on couch

Still (standing)

Talking on couch (sitting)
Talking on the phone
Working on computer
Writing on whiteboard
Random

00NN R WY~

—
=4

Table 2. List of activities by Person 5

Bl
B2
B3
B4
B5
B6
B7
B8
B9

10.
11.
12.
13.
14.
15.
16.
17.

B10
B11
B12
BI3
B14
B15
B16
RA

Bowing

Drinking (left)
Drinking (right)

Sit

Sit down

Stand

Stand up

Talking on phone (left)
Talking on phone (right)

Walking

Wave bye (left)
Wave bye (right)
Wave come (left)
Wave come (right)
Wave go (left)
Wave go (right)
Random

0PN R WD =

of each activity and 112 instances of random movements.
Therefore, each dataset for Person 1 to Person 4 comprises
of 9 X 56 + 112 = 616 activity instances, whereas the dataset
for Person 5 comprises of 16 x 56 + 112 = 1008 activity
instances.

Each activity instance or observation has a fix duration of
two seconds with reduced frame rate giving a total of fifteen
frames in two seconds. In each frame, there are forty-two
features obtained from local vectors formed from the 3-D co-
ordinates of the fifteen joints. The total number of features is
therefore 15 x 42 = 630 features per activity instance. The
details of the dataset and feature extraction are given in our
earlier paper “”, and the paper by the authors of CAD-60 “>.

5.2 Experiment We carried out five experiments to
evaluate the activity discovery on the dataset of each subject.

1728

® H: clustering using Hartigan index (this is the same ex-
periment conducted in our earlier work "?),

® Var: clustering using the proposed incremental approach
using mean variance as the homogeneity measure with-
out setting the minimum point parameter, i.e. MinPt =
0,

o Pdf: clustering using the proposed incremental approach
using mean joint probability as the homogeneity mea-
sure without setting the minimum point parameter, i.e.
MinPt =0,

® Var-25: clustering using the proposed incremental ap-
proach using mean variance as the homogeneity mea-
sure with the minimum point parameter set to 25, i.e.
MinPt = 25,

® PAf-25: clustering using the proposed incremental ap-
proach using mean joint probability as the homogeneity
measure with the minimum point parameter set to 25, i.e.
MinPt = 25.

The algorithm was given all the data points, all activities
mixed up, without label from the dataset of each subject. In
each experiment, we evaluated how well the clustering dis-
covered the activities and reject the random movements (RA)
in each dataset (Person 1 to Person 5). For each clustering
result, we calculated the precision and recall. Given that the
result of K-means is sensitive to the random initialization, we
performed five runs of each experiment to obtain an average
evaluation of the clustering performance.

6. Results and Discussions

Fig. 5 shows the average precision of the five experiments,
H, Var, Pdf, Var-25 and Pdf-25 as described in Section 5, on
the dataset of each subject. The right most set of columns
are the overall average across five subjects. For each subject,
the values given are the average across all activities, i.e. nine
activities for Person 1 to Person 4, and sixteen activities for
Person 5.

We observe a few things from Fig. 5:

(1) For all subjects, the precision achieved using Har-
tigan index (H), i.e. the non-incremental approach, is
the lowest and it is significantly lower than the pre-
cision achieved by the incremental approaches (Var,
Pdf, Var-25 and Pdf-25).

(2) For all subjects, the highest precision is that
achieved by the incremental approach using mean
variance as the cluster homogeneity measure and with
minimum point parameter MinPt = 25 (Var-25).

(3) For all subjects, the precision achieved by the incre-
mental approach using mean joint probability (Pdf and
Pdf-25) as the cluster homogeneity measure is lower
than that achieved using mean variance (Var and Var-
25) as the homogeneity measure given the same min-
imum point parameter. The use of probability density
function makes assumption on the distribution of the
data points in the cluster. The use of variance does not
make such assumption and only evaluates the close-
ness of the data points to their cluster centroid.

(4) Setting a value for the minimum point parameter
improves precision in both cases of cluster homogene-
ity measures.

(5) The average precision across all five subjects for the

IEEJ Trans. EIS, Vol.134, No.11, 2014
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Fig.5. Average precision of different approaches for the
data of each subject.
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Fig.6. Average recall of different approaches for the
data of each subject.

result using Hartigan index (H) is 58.4%.
(6) The average precision across all five subjects for the
result using mean variance and MinPt = 25 is 91.2%.
(7) The incremental approach with mean variance and
MinPt = 25 achieved an average 32.8% improvement
in the precision over the non-incremental approach us-
ing Hartigan index.

Fig. 6 shows the average recall of the five experiments. We
observe similar trend as in the case of precision. The over-
all average recall for the result using Hartigan index (H) is
73.5%, while the result using mean variance and MinPt = 25
achieved an average 92.5% recall. The incremental approach
improves the recall by an average of 19%.

The incremental approach also showed great potential to
reject random movements. Table 3 shows the complete result
in one run of the incremental approach using mean variance
and MinPt = 25 for the data of Person 4. The first row, i, is
the iteration of the incremental approach as given in Fig. 1.
The second row is the k-value used in each iteration. The re-
maining rows are the activities as listed in Table 1. In the first
iteration, i = 1, the k = V616 =~ 24. In this iteration, one

1729

Table 3. One complete run of the incremental discov-

ery algorithm using mean variance and MinPt = 25 for

Person 4
i 1 23 456 7 8 9101112131415
k 242322212 191817161513 11 7 5 3 U
A1 0 038 0 I 0 0 0O O O O17 0 0 3 0
A2 0 0 01 0000 O0OS500UO0O0O0TO0
A3 0 0 036 0 0 0 0OO O OO O02 0
A4 0300 0 00260 0 00 O0 O O02 0
A5 0 0 0 0O OO OS5S0O0O0O0O0O0O0O0
A6 0 0 0O OO O 03300002 30
A7 0 0 0 0560 0 0 0OOOOOO0O 3 0
A8 56 0 0 0 OOO OOO0OOOOO0OO0O0
A9 0 0 00OO390O0O0O0170 00 0O
RAO O OT1 0O 016 0 0 8 9 25151325

cluster with lowest mean variance was found. This cluster
contains all the 56 instances of Activity 8 (Working on com-
puter). These 56 instances were trimmed from the dataset,
leaving 616 — 56 = 560 instances. In the next iteration, i = 2,
k = V560 ~ 23. One cluster was found and it contains 30
instances of Activity 4 (Relaxing on couch). The incremental
process continued until no further cluster can be obtained. A
total of fifteen clusters were found, i.e. up to i = 15. Twenty
five instances of the random movements (RA) were not as-
signed to any cluster as collected in the right most column,
U. We observe a few things from Table 3:
(1) The clusters obtained in early iterations are homo-
geneous, i.e. contains only one activity.
(2) The instances of random movements (RA) are only
clustered towards the end of the incremental process.
(3) One exception to the above observation is at eighth
iteration, i 8. At eighth iteration, a significant
number of random movements (RA) were clustered
with Activity 5 (Still). Further investigation into the
dataset revealed that these random movements (RA)
happened to be sampled from instances when the sub-
ject was in still state.

Given the above observations, the incremental approach
can theoretically discover all the nine activities performed by
Person 4 by the time it reached tenth iteration, i = 10. For
Activity 4 (Relaxing on couch) and Activity 6 (Talking on
couch), there would be twenty instances of each of the activ-
ity being left out. However, there are clusters with significant
number of instances to model these two activities: the clus-
tersati=7andi=09.

There is a reason we choose to elaborate the detailed results
for Person 4. The results using Hartigan index (H) on dataset
of Person 4, among the four subjects in CAD-60 dataset, are
the worst among all subjects, as indicated by the low preci-
sion and recall in Fig. 5 and Fig. 6. In our earlier work **, the
results show that the non-incremental approach using Har-
tigan index could only discover one activity for Person 4,
whereas our proposed approach could discover all activities.

Using the Hartigan Index, or any other cluster validity in-
dex, requires that the clustering be performed on all the train-
ing data and evaluation is performed on all clusters. This im-
plies the selected value of k did not go through the process of
evaluating each cluster. On the other hand, in the incremental
algorithm, the k value is irrelevant. The algorithm evaluates
each cluster and selects good cluster in each iteration. For
this reason, the incremental algorithm has showed superior
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performance when compared with the non-incremental ap-
proach using cluster validity.

7. Conclusions

We have proposed an incremental approach of clustering
to address the problem of human activity discovery. The ap-
proach was implemented with simple clustering algorithm,
i.e. K-means. The approach was evaluated on two different
datasets comprising of twenty five activities and five subjects
in total. The results show that the approach achieved an over-
all average precision of 91.2% and recall of 92.5% across the
dataset of the five subjects. This represents an improvement
of over 30% in precision and 19% in recall when compared
to the non-incremental approach using cluster validity index.

The results suggest the use of mean variance as the cluster
homogeneity measure. The results show that the proposed
approach can potentially reject random movements or noise.
The incremental approach also reduces computation time by
trimming the dataset in each iteration and recalculating k-
value based on the population of the trimmed dataset.

While the development of the proposed approach was mo-
tivated by the purpose of human activity discovery, it is a
generalized clustering approach. It can be used in other ap-
plications requiring an unsupervised learning without prior
knowledge of the data and with significantly noisy data.
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