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Abstract. Human activity recognition has been considered as the main capability
of an intelligent system in understanding of human activities. Human activity
recognition focuses on classifying activities with predefined models learned from
labelled data based on supervised or semi-supervised approaches. These ap-
proaches have assumed the availability of abundant labelled activity observa-
tions. In real-world scenarios, labelled activity observations are difficult to ob-
tain given the undefined number of human activities and their wide variation be-
tween different subjects. The desirable approach is an un-supervised one in which
an intelligent system can discover new activities from unlabeled observations.
This work aimed to evaluate the performance of several clustering algorithms to
effectively distinguish different daily activities for human activity discovery.
Clustering algorithms used include k-means, spectral, hierarchical and BIRCH
clustering. Activity observations were represented as a sequence of postures with
3D skeletal joint locations derived from the Kinect depth map, and then different
clustering algorithms were applied to the data. The approach is evaluated on a
lab recorded dataset and a publicly available dataset. Overall mean precision, re-
call and F1-score for both datasets were above 58%, 68%, 61% respectively. K-
means and agglomerative clustering with ward linkage achieved highest preci-
sion, recall and fl1-score on both datasets which demonstrated the potential of
using clustering algorithms to distinguish and group different activities for activ-
ity discovery without using labeled data.

Keywords: Human activity discovery, Clustering human activities, Machine
learning, Unsupervised learning.

1 Introduction

Human activity analysis has been an important area of computer vision research for the
past few decades. It has a wide range of applications in various domains, including
human-robot interaction, video surveillance, gesture recognition, home behavior anal-
ysis and healthcare monitoring. Most of the research works in human activity analysis
have focused on human activity recognition (HAR). The HAR systems mainly use su-
pervised or semi-supervised approaches to recognize a limited set of activities they have
been trained on. It’s a challenging task to train models for each and every activity as



human activity can be numerous and be carried out with wide variation. Another chal-
lenge is labelling all learning data, which is required for supervised learning. With su-
pervised learning approaches, it is assumed that there are abundant la-belled observa-
tions of activities. However, in real life due to the wide variety of human activities, it
is impossible to acquire labelled sample of all possible daily activities. A much less
studied aspect in human activity analysis is the human activity discovery. Eunju et al.
[1] has pointed out that human activity analysis comprises of different aspects includ-
ing human activity discovery and human activity recognition. Human activity discovery
is the ability of an intelligent system to find new activities from a pool of unlabeled and
unknown activities. From the pool of unknown activities, human activity discovery
groups the same or similar activities using unsupervised learning, and each group of a
new activity can then be used for human activity recognition with the help of active
learning (ask human). In other words, human activity discovery requires the ability to
autonomously differentiate or distinguish between different activities without knowing
their labels.

Survey papers on HAR have shown that the majority of the approaches on HAR are
focused on supervised, semi-supervised and hybrid learning approaches [2]-[5]. Many
research works have applied unsupervised learning in HAR. Clustering algorithms have
been used to determine crucial postures for constructing activity feature vectors to rec-
ognize human activities with high precision [6][7]. Unsupervised learning algorithms
have been used in various contexts for mapping temporal motion dynamics from a fixed
or varying length of skeleton sequences [8][9]. These approaches have used unsuper-
vised learning algorithms to extract features to improve the accuracy of their HAR sys-
tems, which were eventually trained using labelled data.

A few researchers have proposed the use of unsupervised algorithms for human ac-
tivity discovery. They have predominantly used data from accelerometer [10]-[13] and
smart home systems [14][15]. Their approaches either require attaching sensors on dif-
ferent parts of the human limbs or attaching sensors to the household objects such as
chairs, cupboards and doors. The requirement to attach sensors on human body is cum-
bersome, uncomfortable, and not desirable in human’s everyday life. The use of objects
to indirectly label the activities, for example going out of home when the door sensor
has detected the movement of the doors, has limited the use of such approach to iden-
tifying highly distinguishable activities and demanding large number of environment
sensors to be installed.

Consequently, very few works have studied unsupervised human activity discovery
based on visual data, particular the skeleton data from a single depth sensor. To the
authors’ knowledge, the most related research on human activity discovery based on
skeleton data is done by Ong et al. [16]. Incremental k-means clustering was used by
Ong et al., for the discovery of human activity using human range of movement features
which were extracted from skeleton data of the postures in consecutive frames of each
activity sample. Though they were able to distinguish several unknown activities using
their technique, they have only used k-means clustering in their method. K-means clus-
tering has assumed that the data distribution is spherical. The nature of the distribution
of human activities data is unknown. Investigation with other clustering algorithms to



solve the problem is desirable. In this paper, we investigated the effectiveness of four
widely used clustering algorithms in human activity discovery.

In this work, different unsupervised machine learning techniques were evaluated to
group different activities within a pool of unlabeled and unknown activities. For the
investigation, methods preferred were based on visual data that do not require people
to wear sensors or devices to capture motion data, as in daily living environment it is
unlikely for a person to wear sensors. Specifically, we obtained human skeleton data
from a depth vision sensor as the features for the unsupervised learning algorithms. It’s
worth pointing out that recording skeleton data from depth sensor, i.e. without the color
images, has the advantage of preserving a good degree of privacy for the person being
recorded by the sensor. The main contributions of this study are that it investigates the
application of different clustering algorithms in human activity discovery based on vis-
ual data without labels, and highlights areas for further research.

The paper is structured as follows. Section 2 explains how human activity discovery
was portrayed as a clustering problem. Section 3 describes the experiments carried out
for the investigation. The findings of this study are summarized in section 4. Brief dis-
cussion is presented in section 5 and finally, this work is concluded in section 5.

2 Application of clustering for human activity discovery

In this section we describe the formulation of human activity discovery as a clustering
problem. Assume the data points in Fig. 1(a) represent different samples or instances
of human activities. There are three different activities, for examples standing, walking
and waving right hand, represented with different symbols in the figure. Each activity
instance comprises of a set of features extracted from depth images, which will be de-
scribed in detail in the following paragraph. A clustering algorithm is applied on all
the activity instances without knowing their label. The objective of the clustering is to
distinguish and separate the three different activities into three coherent groups as
shown in Fig. 1(b).
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Fig. 1. Application of clustering for human activity discovery (a) unlabeled activity sequences
(b) similar activities grouped into respective clusters



These groups of activities discovered by the clustering algorithm can then be used
for human activity recognition by using active learning and state of the art HAR tech-
niques. Depending on the clustering algorithm, the number of clusters may be specified
by human, or determined by the clustering algorithm. In this study, we have defined an
activity instance as a fixed duration of an activity. This assumption has been widely
used in HAR research. Based on HAR literatures, an activity can be recognized from
an observation of within a few seconds duration. For activity that may last longer, such
as walking, an observation of 1 to 3 seconds is sufficient to recognize the activity. If
the sensor data is 30 fps, that will translate to an instance of 30 to 90 frames. Each frame
is a single posture of the activity represented as a skeleton comprising of various body
joints. The number of joints is depending on the algorithm that has been used to extra
skeleton data from the depth images. Each joint is represented by its 3D position in
XYZ coordinates. An activity instance is, therefore, represented by a feature vector
comprising of f frames x| joints %3 coordinates features. A geometric transformation
Fig. 2 was used to translate the skeleton in each frame, with hip center joint being trans-
lated to the center of the coordinate frame (0,0,0) to make the activity instances view
invariant. Fig 2(b) and Fig 2(d) are the translation of Fig 2(a) and Fig 2(c) respectively

which shows two different frames of walking that were recorded at different locations
in the sensor’s field of view.
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Fig. 2. (a) and (c) are frames of same activity performed at different positions in the sensor’s
field of view. (b) and (d) are the translation of (a) and (c)



2.1  Clustering

In this sub section, we briefly describe the four clustering algorithms we have inves-
tigated in this work. In general clustering is the process of grouping comparable objects
from a given set of objects based on certain measure of resemblance, so that intra-class
similarity is enhanced, and inter-class similarity is reduced.

K-means. Clustering looks for a finite number (K) of clusters in a dataset by cate-
gorizing n data points in d dimensions into K clusters while maintaining the cost func-
tion low in Eq. 1

: 2
J=3K, Trlx? - | 6N

J is the objective function, number of clusters is denoted with K, n is the number of
; 2
objects in the dataset, || X’ — C, || is a chosen distance metric between a data point

XL.(” in cluster k and the centroid ¢, of cluster k.

Spectral. Clustering is a technique for identifying groups of nodes in a graph by
looking at the edges that connect them. Given data points X = X;,X,, ... ....... X, for
each pair of data points i, j € X , a similarity (weight) S;; = S;; = 0 is assigned. In
Spectral clustering, a graph ¢ = (V, E, W) is composed with V containing the vertices
(data points), E containing the edges and W containing the edge weights. W is also
known as the adjacent matrix. Spectral clustering applies k-means clustering on the
eigenvalues of the graph Laplacian of the neighboring matrix W to obtain the clusters.

Hierarchical. Clustering constructs nested clusters by combining (agglomerative)
or splitting (divisive) data points in a tree or dendrogram. Divisive clustering begins
with all data points in single cluster known as the root, which is then split into a set of
child clusters until each cluster is a single data point. Agglomerative clustering begins
with each data point as a cluster and proceed to combine the most similar pair of clusters
until all the data points are unified into a single cluster. For this study, investigations
were performed using agglomerative clustering with ward, complete and average link-
ages methods.

Balanced Iterative Reducing and Clustering Using Hierarchies (BIRCH). Clus-
tering creates a compact summary of the original dataset as clustering feature (CF) en-
tries, which is subsequently clustered instead of the given dataset. For a set of N d-
dimensional objects, the clustering feature CF is a 3-D vector encapsulating character-
istics about the data points and it is defined as

CF = (N, LS, SS) )

Where N is number of objects, LS = ¥V, X; is the linear sum of the data points X;
and SS = Z?’:l()?i)z is the squared sum of the data points X;. BIRCH operates agglom-
erative clustering on the CF starting with each data point being a cluster. For two sep-
arate clusters, C, and C, with clustering feature CF, = (N,,LS;,SS;) and CF, =
(NZ,E, SS,), the clustering feature for the cluster that has been created by combining
C, and C, will be



CF, + CF, = (N, + N,, LS, + LS,, SS, +SS,) (3)

3 Experiments

There are a few publicly accessible human activities datasets with skeletal data which
include MSR daily activity Dataset [18], UTKINECT dataset [7] and CAD60 dataset
[17]. In the MSR daily activity dataset and the UTKINECT dataset, subjects completed
each activity only once for most of the activities. To perform clustering, we require
sufficient data points for each activity. Table 1 shows the summary of the characteris-
tics of the three publicly available datasets and a dataset that we have collected. Among
the three publicly available dataset, we have chosen to evaluate clustering performance
on the CADG60 dataset.

Table 1. Summary of publicly available datasets and our dataset. *For 10 of the activities in
CAD60

Datasets Total Samples/ | Classes | Subjects | Modalities
samples | class

MSRDailyActivity3D | 320 20 16 10 RGB+D+3DJoints

CAD60 1200 120* 12 4 RGB+D+3DJoints

UTKINECT 150 15 10 10 RGB+D+3DJoints

Our dataset 2295 135 17 3 RGB+D+3DJoints

The CADG60 dataset comprises of 12 daily activities performed by four subjects with
skeleton data of 15 joints. We have eliminated two activities that have only a few ob-
servations. We used 10 activities from the CAD60 dataset that we could sample suffi-
cient instances, i.e. 120 instances for each activity. Activities from the CAD60 dataset
that we have used are standing, brushing teeth, talking on phone, drinking water, cook-
ing (chopping), cooking (stirring), talking on couch, relaxing on couch, writing on
whiteboard and working on computer. Fig. 3 shows sample RGB images of the ten
activities from CADG0 dataset. We have only used the skeleton data provided in the
dataset. Data in CAD60 were obtained from OpenNI library that provides skeleton data
with 15 joints. For CAD60, we have sampled 30 instances consisting of 30 frames each
for each subject giving 120 instances for each activity. The feature vector for each ac-
tivity instance comprised of 30 frames <15 joints >3 coordinates, i.e. 1,350 features.



Fig. 3. Instances of activities from the CAD60 dataset [17]. (1) brushing teeth, (2) writing on the
board, (3) working in computer, (4) cooking (chopping), (5) opening pill container, (6) making
phone calls, (7) having a drink, (8) sitting, (9) cooking (stirring)

To evaluate human activity discovery on more activities, we have collected a dataset
ourselves. We have intentionally added activities that have locomotion activity, i.e. the
walking and are motion intensive such as jumping, kicking and waving hands. We note
activities in CADG60 have limited motion. We have collected the datasets using the Mi-
crosoft Kinect SDK that provides skeleton data with 20 joints, in contrast to the 15
joints in CADG0. For our dataset, three subjects in an indoor environment performed
seventeen activities: standing, raising the right hand, raising the left hand, kicking the
right leg, kicking the left leg, waving the right hand, waving the left hand, doing jump-
ing jacks, walking, sitting down, being seated, standing up, making a phone call, drink-
ing, picking up, sitting, and reading a book, and sweeping the floor. We recorded a
sequence of each activity using a single stationary Kinect at 30 frames per second for
at least 2 minutes. We have recorded both RGB and depth images, however we have
only used the skeleton data derived from the depth images in this work. Sample RGB
images from the dataset are shown in Fig. 4. For each action, 45 observations consisting
of 70 frames each were sampled from the recording of each individual giving 135 in-
stances for each activity. The feature vector for each activity instance comprised of 70
frames % 20 joints < 3 coordinates, i.e. 4,200 features. This differs from the feature
vectors of CADG0 for the purpose of investigation.



Fig. 4. Sample images from 16 activities in our dataset. (1) raising right hand, (2) raising left
hand, (3) kicking right leg, (4) kicking left leg, (5) waving right hand, (6) waving left hand, (7)
jumping jacks, (8) walking, (9) sitting down, (10) seated, (11) standing up, (12) phone call, (13)
having a drink, (14) picking up from the floor, (15) seated and reading book, (16) sweeping the
floor.
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Fig. 5. Experimental flow. True labels were only used for evaluation purposes.

In Fig. 5, we have summarized the process involved in the experiment. The input to
the clustering algorithm is all the transformed instances in a dataset. In this study, we
have specified the number of clusters. Each of the clusters generated by the clustering
technique was anticipated to be a group of the instances for an activity. True labels of
the activity instances were used to evaluate the performance of the clustering algorithm.
For evaluation purpose, each cluster was labelled as one of the activities in the dataset
based on the label of its majority instances. For instance, if true labels for a dataset
comprising of six instances from two activities were [0, 0, 0, 1, 1, 1] and the instances



were clustered into two clusters as [1, 1, 0, 0, 0, 1]. There were one activity 0 and two
activity 1 in cluster 0; two activity 0 and one activity 1 in cluster 1. Based on majority,
cluster 0 would be labelled activity 1, and cluster 1 would be labelled activity 0 giving
the predicted labels as [0, 0, 1, 1, 1, 0]. Then we compared the predicted labels with
ground truth, i.e. true labels, to evaluation the performance of the clustering. Evalua-
tions were performed applying the K-means, Spectral, Agglomerative clustering with
several linkage techniques (ward, average and complete linkage) and BIRCH clustering
on both datasets. Random centroid initialization was used in K-means and spectral clus-
tering. The K-means and spectral clustering algorithms were repeated ten times and
average results are reported. For agglomerative and BIRCH clustering, the clustering
results do not change in each run. Precision, recall and F1-score were computed for
each result.

4 Results

Fig. 6 summarizes the result of each clustering algorithm performed on our dataset.
Each bar represents the average precision, recall and F1-score of the clustering results
for all the 17 activities. The rightmost bar shows the overall mean precision, recall and
F1-score of all clustering algorithms, which were 58%, 68%, and 61% respectively.
The agglomerative clustering with ward linkage and BIRCH clustering have achieved
the same precision, recall and F1-score were 62%, 70% and 63% respectively, which
was the highest performance among the clustering algorithms used.
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Fig. 6. Precision, recall and F1-score of different clustering algorithms on our dataset.
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Fig. 7 shows the precision, recall and F1-score for the results on CADG60 dataset.
Overall mean precision, recall and F1-score for all clustering algorithms were 61%,
69% and 63% respectively as shown by the rightmost column. Similar to the results on
our dataset, agglomerative clustering (using ward and average linkage) and BIRCH



10

clustering have achieved the highest precision, recall and F1-score at 62%, 70% and
64% respectively.
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Fig. 7. Precision, recall and F1-score of different clustering algorithms on CADG60 dataset.
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Comparing the results on both datasets, we observe that precision, recall and F1-
score of k-means, agglomerative clustering with ward linkage and BIRCH clustering
results were consistent and relatively high. However, clustering results for spectral clus-
tering differed significantly on the two datasets. Determining two of the required pa-
rameters for BIRCH clustering (branching factor and threshold) was challenging. We
have determined these parameters empirically for both datasets. Fig 8 summarizes the
overall clustering performance on the two datasets. It can be observed that overall pre-
cision, recall and F1-score on our dataset was lower than that on CAD60 dataset. This
is due to that our dataset contains more activities with more variation and a few highly
similar activities. Fig. 9 shows the precision, recall and F1-score achieved by k-means,
spectral, agglomerative with ward linkage and BIRCH (threshold of 250) clustering for
every activity in our dataset.
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Fig. 8. Average precision, recall and F1-score achieved on both datasets.
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For brevity, we have omitted the results of the other agglomerative and BIRCH clus-
tering that were lower. It can be observed that activities which were grouped well by
all of the clustering algorithms were: raise left hand, kick right leg, kick left leg, waiving
right hand, waiving left hand, jumping jacks, seated, sitting and reading and sweeping
floor. A few activities were poorly clustered including walking, drinking and sitting
down. There were activities which were clustered well by some clustering algorithms
while other clustering algorithms had poorly grouped them. For example, standing was
clustered well by k-means, agglomerative and BIRCH clustering while with spectral
clustering it was confused with other activities.
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Fig. 9. Precision, recall and f1-score for every activity in our dataset. (a) k-means, (b) Spectral,
(c) Agglomerative with ward linkage (d) BIRCH with threshold of 250.

5 Discussion and Analysis

Fig. 6 summarizes the result of each clustering algorithm performed on our dataset.
Each bar represents the average precision, recall and F1-score of the clustering results
for all the 17 activities. The clustering results on CAD60 dataset were on average better
than that on our dataset. Our dataset contains more activities with more similar activities
and more complex activities (walking, jumping) in comparison to the CAD60 dataset.
To investigate further on why certain activities were not clustered well, the confusion
matrices of the clustering results for k-means, spectral, agglomerative with ward link-
age and BIRCH (threshold 250) clustering performed on our dataset are shown in Fig.
10(a), Fig. 10(b), Fig. 10(c) and Fig. 10(d) respectively. The activities are enumerated
as in Fig. 4 and standing is enumerated as 0. It can be observed that walking (label 8)
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and standing (label 0) were grouped in the same cluster by all the four clustering algo-
rithms. The two activities appear similar when looking at postures. The features used
in this study lack the motion or time series information. Raising right hand (label 1),
drinking (label 13) and talking on the phone (label 12) were grouped in the same cluster
by k-means, agglomerative and BIRCH as shown in Fig. 10(a), Fig. 10(c) and Fig. 10(d)
respectively, however spectral clustering could effective cluster raising right hand (la-
bel 1) as shown in Fig. 10(c). Drinking and talking on the phone appear similar when
looking at the postures. Raising right hand shares similarity in terms of right hand being
raised. Coincidently, all subjects are right-handed hence drinking and talking on the
phone were performed with right hand.
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Fig. 10. Confusion matrix for the clustering results on our dataset with (a) k-means, (b) spectral,
(c) agglomerative with ward linkage and (b) BIRCH with threshold 250.

Fig. 11 shows the confusion matrices for the results on CADG60 dataset. The activities
labels are as shown in Fig. 3. It can be seen that drinking (label 3), brushing teeth (label
4) and talking on the phone (label 1) were confused by all clustering algorithms. These
three activities are highly similar with their hands raised to the head. Cooking (chop-
ping, label 7) was confused with cooking (stirring, label 8) by all clustering algorithms.
The two activities are similar when viewed as postures.
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The confusion matrices for the clustering results on both datasets show that k-means,
agglomerative clustering (ward linkage) and BIRCH clustering (thresh hold 250) per-
formed consistently on both datasets. However, BIRCH clustering performance varied
significantly with different threshold values. It was challenging to determine the opti-
mum threshold value. We experimented with different threshold values to find the
threshold value that produced the best result. This is not feasible in real life application
when the algorithm does not know the true labels to evaluate the clustering outcome.
Spectral clustering performance varied significantly between the two datasets. On our
dataset, the performance of spectral clustering was similar to that of the other clustering
algorithms. However, spectral clustering has performed poorly on CAD60 dataset.
Among all the clustering algorithms, agglomerative with ward linkage and k-means
have produced consistent and relatively good results. One issue with k-means is that
the result is dependent on random initialization of the centroids. In real life application,
we can only rely on a single run of k-means, which may not be reliable.
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Fig. 11. Confusion matrix for the clustering results on (a) k-means, (b) spectral, (c) agglomer-
ative with ward linkage and (b) BIRCH with threshold of 250.

The CAD60 dataset was used by many researchers to validate their methods on hu-
man activity recognition. Methods used by researchers include maximum entropy Mar-
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kov model (MEMM), bag of words (BoW) method used with multi-class Support Vec-
tor Machine (SVM) and Hidden Markov Models (HMM). The performance of this
study is compared with few of the algorithms. The average precision and recall score
are shown in Table 2.

Table 2. Overall precision and recall score of this study compared with other methods

Authors Method Precision Recall
Sung et al. [18] Supervised with MEMM 68% 56%
Gaglio et al. [19] Supervised with HMM and SVM 77% 77%
Shan and Akella [20] | Supervised with SVM and BoW 94% 95%
Cippitelli et al. [6] Supervised with SVM and Bow 94% 94%
Proposed Unsupervised/k-means/Agglomerative 61% 69%

6 Conclusion

This study was conducted with an aim to investigate the performance of several clus-
tering algorithms to identify the most suitable one to explore unlabeled human activity
data. Clustering algorithms were evaluated on two datasets. The average precision, re-
call and F1-score was 58%, 68%, and 61% on the lab recorded dataset. The precision,
Recall and F1-score on the publicly accessible CAD60 dataset were 61%, 69% and
63%. The overall performance at current stage is lower than many states of the art su-
pervised methods available to classify human activities. However, the clustering results
have shown performance in par or better than the performance of classifiers trained
with supervised learning on the CAD60 dataset (see Table 2). The results from this
work have demonstrated the potential of clustering algorithms for human activity dis-
covery without requiring labels. From the results, spectral clustering performed poorly,
BIRCH clustering requires setting of parameters that would be difficult without the
knowledge of the dataset, and k-means is subject to uncertainty of random centroids
initialization. Agglomerative clustering with ward linkage appears to be the preferred
clustering algorithm given the features based on joint positions in fixed number of
frames.

As this is an exploratory work, a number of assumptions and conditions have been
used to simplify the experiments. This study highlights that more problems need to be
addressed besides improving the clustering performance which will be carried out as
extension of this study. Firstly, the assumption of knowing the number of clusters or
activities will be an issue in real life application. It is necessary to explore clustering
algorithms that do not require knowing the number of clusters. Secondly, it is necessary
to deal with the different durations of different activities. This is an unsolved problem
even in HAR using supervised learning. In many cases, HAR has made assumption on
activity duration based on the dataset. Thirdly, more useful features need to be extracted
that capture the motion and time series information of the activities. Current set of fea-
tures was effective to distinguish activities that are different in the postures involved,
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however failed to distinguish activities that have similar postures that are distinguished
by their motion (e.g. stirring food and chopping food).
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