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Abstract Visual analysis of human behavior has attracted a great deal of attention in the
field of computer vision because of the wide variety of potential applications. Human
behavior can be segmented into atomic actions, each of which indicates a single, basic
movement. To reduce human intervention in the analysis of human behavior, unsupervised
learning may be more suitable than supervised learning. However, the complex nature of
human behavior analysis makes unsupervised learning a challenging task. In this paper, we
propose a framework for the unsupervised analysis of human behavior based on manifold
learning. First, a pairwise human posture distance matrix is derived from a training action
sequence. Then, the isometric feature mapping (Isomap) algorithm is applied to construct a
low-dimensional structure from the distance matrix. Consequently, the training action
sequence is mapped into a manifold trajectory in the Isomap space. To identify the break
points between the trajectories of any two successive atomic actions, we represent the
manifold trajectory in the Isomap space as a time series of low-dimensional points. A
temporal segmentation technique is then applied to segment the time series into sub series,
each of which corresponds to an atomic action. Next, the dynamic time warping (DTW)
approach is used to cluster atomic action sequences. Finally, we use the clustering results to
learn and classify atomic actions according to the nearest neighbor rule. If the distance
between the input sequence and the nearest mean sequence is greater than a given
threshold, it is regarded as an unknown atomic action. Experiments conducted on real data
demonstrate the effectiveness of the proposed method.
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1 Introduction
Visual analysis of human behavior is an important task in many applications, such as smart
surveillance [7, 13], human computer interfaces [26], content-based retrieval [18, 27], and
virtual reality [34]. The objective of this work is to detect and track people in order to
interpret their behavior. Comprehensive surveys of related work can be found in [1, 12, 31].
Although a substantial amount of research has been conducted on the topic over the past
two decades, understanding human behavior is still a challenging issue. The detection of
human behavior has become an important task of the TREC Video Retrieval Evaluation
(TRECVID) since 2008 [29]. Human behavior usually comprises a continuous sequence of
human actions, each of which may include several different movements. Due to physical
constraints experienced by the human body, any change between two different types of
human movements usually causes the velocity to be close to zero. Any movement having
beginning and ending postures can be defined as an atomic action. For example, an action
“HandClap” comprises two different atomic actions, namely raising hand and lowering
hand, as shown in the first two action classes in Fig. 6. As a result, human behavior usually
consists of a series of atomic actions. Therefore, understanding human behavior involves
two key issues: 1) how to segment an input action sequence into atomic actions; and 2) how
to recognize each segmented atomic action. Since the atomic actions are unknown
beforehand, a large number of manually labeled training examples must be collected when
using a supervised learning approach. Therefore, unsupervised learning approaches may be
more suitable for human behavior analysis in case where there is reduced human
intervention beforehand.
In general, unsupervised learning is more difficult to achieve than supervised learning, so the
number of published unsupervised learning methods is noticeably less than that of supervised
methods. Wang et al. [32] proposed an unsupervised approach for the analysis of human
gestures. They segmented the sequences of a human motion into atomic components and
trained a hidden Markov model (HMM) for each atomic component. Then, they applied a
hierarchical clustering approach to cluster the segmented components using the distances
between the HMMs. Based on the clustering result, each atomic action can be converted into
a discrete symbol. Finally, they extracted behavior lexicons from discrete symbols using the
COMPRESSIVE algorithm [20]. Zhong et al. [35] proposed an unsupervised technique for
detecting unusual events in a large video set. First, the features of each frame in the video set
were extracted and classified into prototypes using the k-means algorithm. Secondly, the
video sequences were divided into segments having equal lengths. Thirdly, a segmentprototype co-occurrence matrix was computed so that the segments could be clustered using
the document-keyword clustering method proposed in [10]. Finally, unusual video segments
were identified by finding clusters that are far from the majority of other clusters. Turaga et al.
proposed a vocabulary model for dynamic scenes and presented algorithms for the
unsupervised learning of the vocabulary from long video sequences [30]. They first
segmented a video sequence into action elements, each of which was modeled as a linear
time invariant (LTI) dynamical system. Next, they clustered those segments to discover
distinct action elements using the distances between the LTI systems [6]. Each segment was
then assigned as a discrete symbol, and persistent activities in the symbol sequence were
identified using n-gram statistics. In [21], Niebles et al. proposed a novel unsupervised
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learning method for human action categories. First, they represented a video sequence as a
collection of spatial-temporal words by extracting space-time interest points. Then, they used
latent topic models, i.e. probabilistic Latent Semantic Analysis (pLSA) and Latent Dirichlet
Allocation (LDA), to automatically learn the probability distributions of the spatial-temporal
words and the intermediate topics corresponding to human action categories. Finally, they
categorized and localized the human action(s) contained in a novel video sequence. In the
training stage, they assumed that there was only one action type in each training video, and
for each action class, they were required to collect several training videos. The focus of this
work was on the intermediate representations. Therefore, the goal of unsupervised learning is
quite different from that of other approaches.
The above mentioned approaches show that a general unsupervised system for human
action analysis usually involves three stages: temporal segmentation, atomic action
clustering, and atomic action learning and classification. Since the human shape can be
modeled as an articulated object with a high degree of freedom, the dimensions of a human
shape descriptor are usually very large. Under these circumstances, the computation
required for temporal segmentation, clustering and classification in a high dimensional
feature space is not intuitive and may be very time consuming. Theoretically, a continuous
human action sequence can be viewed as the variation of human postures lying on a lowdimensional manifold embedded in a high-dimensional space, which can be learned
effectively from a set of training data [17]. In this paper, we propose a framework for the
unsupervised analysis of human behavior based on manifold learning.
The goal of manifold learning, which is a popular approach for nonlinear dimensionality
reduction [17], is to discover a low-dimensional structure from a set of high-dimensional
data. Popular manifold learning algorithms include the isometric feature mapping (Isomap)
algorithm [28], the locally linear embedding (LLE) algorithm [24], and the Laplacian
eigenmaps (LE) algorithm [2]. Each manifold learning algorithm tries to preserve a
different geometrical property of the underlying manifold. Local approaches, such as LLE
and LE, aim to preserve the proximity relationship among the data, while global approaches
like Isomap aim to preserve the metrics at all scales. In recent years, some researchers have
applied manifold learning algorithms to different tasks in the field of human behavior
analysis, e.g., 3D body pose recovery [11], human tracking [19, 23], and human action
recognition [4, 33]. In [4], Blackburn and Ribeiro proposed a method for recognizing
human motion based on Isomap and dynamic time warping (DTW) [22, 25]. They first used
the smoothed human silhouette to represent the visual input. Next, an Isomap representation
was built for each known motion available in the training dataset. Then, an invertible radial
basis function (RBF) mapping was estimated for the manifold projection mapping. Finally,
they matched motion projections in Isomap manifold space using the DTW algorithm. Wang
and Suter [33] proposed a general integrated framework to analyze sequential image data.
They applied their system to the analysis of silhouette based human movement. First,
silhouettes and a distance transformed version of silhouettes were directly extracted from
images as features. Then, they applied locality preserving projections (LPP) to find a low
dimensional feature representation that was originally embedded in high-dimensional image
data. Finally, they used three different methods to analyze and recognize motions in the
reduced dimension space. The three methods used were the Gaussian mixture models
(GMM), a matching based approach using the mean Hausdorff distance, and a continuous
HMM. Although these two approaches are similar to our proposed approach for analyzing
human actions, they adopted a supervised learning method for action recognition. On the
other hand, they did not address the issue of temporal segmentation, which is considered to
be an important step towards realizing a completely automatic scheme.
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In this work, we propose a framework for the unsupervised analysis of human behavior
based on the Isomap algorithm. First, we adopt the convex hull shape context (CSC) [16] to
represent human posture. The CSC representation has been shown to be very effective in
the discrimination of distinct human postures. Since the Isomap algorithm can preserve the
CSC distance between any two adjacent postures of a training sequence, we compute a
CSC-based distance matrix to which we apply the Isomap algorithm for the construction of
a low dimensional structure. As a result, the training action sequence is mapped into a
manifold trajectory in the Isomap space during the training process. To separate an action
sequence into precise atomic actions, the break points between any two consecutive atomic
actions must be identified. To do this, we represent a manifold trajectory as a time series of
low dimensional points, and use a temporal segmentation technique to correctly segment
the manifold trajectory into atomic actions. Next, we also apply the DTW algorithm to
perform atomic action sequence clustering. Finally, we use the clustered results to represent
each cluster by an exemplar. We use the nearest neighbor rule to classify an input atomic
action into the correct category. The contribution of this work is two-fold. First, we propose
automatic temporal segmentation and atomic action classification within an Isomap space,
which makes the system entirely automatic. Secondly, we propose an efficient method to
speed up the mapping from a new input posture into the Isomap space. Although this work
is similar to our previous work [16], the goals and methodologies are different. As
mentioned previously, the understanding of human behavior involves two key stages, i.e.
segmentation and recognition. The goal of this work is to propose a system that provides a
complete understanding of human behavior based on the Isomap algorithm, while the goal
of the previous work was to use variable length Markov model (VLMM) to learn and
recognize segmented atomic human actions.
The remainder of this paper is organized as follows. Section 2 briefly introduces the
theory of the Isomap algorithm. Section 3 describes the proposed approach, Section 4
details the experimental results, and Section 5 contains our conclusions.

2 Manifold learning: the isomap algorithm
The Isomap algorithm tries to find a low-dimensional Euclidean space that best preserves
the geodesic distances between any two data points in the original high-dimensional space
[28]. The algorithm comprises the following three steps:
1. Construct neighborhood graph: A weighted graph is constructed by connecting each
point to its neighborhoods, and the weight of each edge is equal to the distance
between the two points. The neighborhoods of each point can be determined using
either the k nearest neighbor rule or points situated within a hyper-sphere of radius ε.
2. Compute the pairwise geodesic distances: The pairwise geodesic distance between any
two nodes of the neighborhood graph is estimated by computing the shortest path
between them on the graph.
3. Construct a d-dimensional embedding: The classic multi-dimensional scaling (MDS)
algorithm [8] is applied to construct a d-dimensional embedding of the data.
Note that the difference between MDS and the Isomap is that the Isomap uses the
geodesic distance, whereas MDS does not.
An important issue concerning the Isomap algorithm is how to determine the dimension
d of the Isomap space. The residual variance Rd is used to evaluate the error of
dimensionality reduction, and is defined in the following equation:
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Rd ¼ 1  r2 ðG; Dd Þ;

ð1Þ

where G denotes the geodesic distance matrix; Dd denotes the Euclidean distance matrix in
the d-dimensional space; and r(G, Dd) is the correlation coefficient of G and Dd. The value
of d is determined using a trial and error approach to reduce the residual variance. Another
important issue concerns that method used to construct a d-dimensional embedding of the
data. We consider this problem below.
2.1 Multidimensional scaling
The objective of MDS [8] is to find the Euclidean distance reconstruction
that best

preserves the inter point distances. Given a distance matrix G ¼ gij 2 <nn , where gij is
the distance between points i and j, MDS constructs a set of n points in the d-dimensional
Euclidean space such that inter point distances are close to those in G. Let xi ¼
ðxi1 ; :::; xid ÞT denote the coordinates of the ith point in the Isomap’s Euclidean space. The
Euclidean distance between the ith and jth points can be computed as follows:
dij2 ¼ ðxi  xj ÞT ðxi  xj Þ ¼ xTi xi þ xTj xj  2xTi xj :

ð2Þ

To overcome the indeterminacy of the solution due to arbitrary translation, the following
zero-mean assumption is imposed:
n
X

xi ¼ 0:

ð3Þ

i¼1

From Eqs. (2) and (3), the inner product between xi and xj can be derived as follows:
!
n
n
n X
n
X
X
X
1
1
1
1
dij2 
ð4Þ
d2 
d2 þ
d2 :
bij ¼ xTi xj ¼ 
2
n i¼1 ij n j¼1 ij n2 i¼1 j¼1 ij
 
Let D ¼ dij denote the distance matrix computed in the Isomap space. Since the
Isomap space is determined such that D is close to G, the inner product matrix B ¼ bij
can be obtained by:
1
ð5Þ
B ¼  HGH;
2
where H ¼ I  1n 11T is the centering matrix with 1 ¼ ½1; 1; :::; 1T , a vector of n ones. Let
X ¼ ½x1 ; :::; xn T be the n×d matrix of the unknown coordinates of the n points in the Isomap
space. Then, the inner product matrix can be expressed as B=XXT. To compute X from B, we
decompose B into VΛVT, where Λ ¼ diagðl1 ; l2 ; :::; ln Þ, l1  l2      ln  0, is the
diagonal matrix of eigenvalues and V ¼ ½v1 ; v2 ; :::; vn  is the matrix of corresponding
eigenvectors. The coordinate matrix X can be calculated as follows:
X ¼ V0 Λ0 2 ;
0
0 12
where Λ ¼ diagðl1 ; l2 ; :::; ld Þ and V ¼ ½v1 ; v2 ; :::; vd .
1

1
2

1
2

1
2

ð6Þ

3 The proposed approach
Figure 1 shows the flowchart of the proposed method. For simplicity, it is assumed that the
input video sequence has been processed to obtain the human silhouette sequence, i.e., the
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Training action sequence

Temporal segmentation

Convex-hull shape contexts

Atomic action sequences

Pairwise distance matrix

Atomic action clustering

Isomap Learning

Clustering results

A series of low-dimensional
points

Atomic action learning
and classification

Fig. 1 Flowchart of the proposed method

action sequence. The proposed approach comprises four steps: Isomap learning, temporal
segmentation, atomic action clustering, and atomic action learning and classification, which
we describe in the following four subsections, respectively.
3.1 Isomap learning of human behavior
To construct a low-dimensional structure of human behavior from a training action
sequence, the human posture must be represented effectively in the high-dimensional space.
In this work, we adopt the CSC to represent the shape of a human silhouette. The CSC
descriptor, which is a simplified shape context descriptor [3], contains only the log-polar
histograms that are computed at the vertices of the convex hull of the human shape. Hence,
the computation cost is much lower than that of the original shape context descriptor. The
CSC distance between two shapes can be calculated by matching the shape contexts of
convex hull points, as shown in Fig. 2. When each silhouette in the training action sequence
is represented as a CSC descriptor, a pairwise shape distance matrix can be calculated based
on the shape matching. The computed distance matrix is used to construct an Isomap using
the method described in Section 2. As a result, each human silhouette is transformed into a
low dimensional point in the Isomap space. Figure 3 shows the residual variance of the
Isomap on the training data computed with different values of d. Since the residual
variance, as defined in Section 2, is used to evaluate the error of dimensionality reduction, it
will stabilize at some value by increasing the dimensions. In Fig. 3, it is observed that the
residual variance appears to stabilize at dimension four, and remains almost constant as the
number of dimensions increases beyond four. Figure 4 shows the constructed 4-D Isomap
space.
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Fig. 2 Convex hull shape context matching: (a) and (b) show the convex hull points of two shapes; (c)
shows a diagram of the log-polar space for shape context computation; and (d) shows the correspondences
between the convex hull points determined using shape matching

3.2 Temporal segmentation
The purpose of temporal segmentation is to identify suitable break points at which a
continuous action sequence can be partitioned into atomic actions. As described in
Section 1, we define a time spot with zero velocity as the break point and an action
Fig. 3 The residual variance of
Isomap on the training data
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Fig. 4 The constructed 4-D Isomap space: the manifold trajectory of the action sequence projected on to (a)
the first three dimensions (dims. 1–3), and (b) the last three dimensions (dims. 2–4)

sequence between two successive break points is regarded as an atomic action. In Fig. 4, we
observe that different atomic actions that can be distinguished using the CSC descriptors
will have different trajectories in an Isomap space. Therefore, the segmentation process
involves identification of the break points between any two successive atomic action
trajectories. To deal with this problem, we first represent the manifold trajectory as a time
series of d-D data points and then calculate the magnitude (i.e., the L_2 norm) of each
point, as shown in Fig. 5. Therefore, when the derivative of the magnitude curve becomes
zero (which means that the velocity of human action tends towards zero), the corresponding
time spot can be regarded as a break point. In the magnitude curve shown in Fig. 5, there is
a total of 21 time spots having zero derivative values, i.e., the positions of the local minima
and maxima. These time spots divide an action sequence into independent atomic actions.
3.3 Atomic action clustering
After segmenting the training action sequence, the segmented actions are clustered to
identify and model each atomic action. In order to cluster the segmented actions, an

Fig. 5 The time series of data points and corresponding magnitudes after Gaussian smoothing
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appropriate method for matching two different trajectories within the Isomap space is
essential. The DTW algorithm has been applied to match data sequences in several
applications such as speech recognition and bio-informatics. DTW can provide an
approximate similarity measurement while the duration of each data sequence is different.
Since the duration of each segmented action sequence is different, the DTW algorithm can
be used to cluster the segmented action sequences. DTW aligns and compares two
sequences by finding an optimal warping path between them. For example, suppose we
have two sequences: A ¼ ða1 ; a2 ; :::; am Þ and B ¼ ðb1 ; b2 ; :::; bn Þ, where ai and bj are d-D
vectors in the Isomap space. A warping path W ¼ ðwð1Þ; wð2Þ; :::; wðmÞÞ is used to align A
with B, where j=w(i) means that ai is aligned with bj. The warping path is computed with
the following three constraints: 1=w(1), n=w(m), and wðk þ 1Þ  wðkÞ. The distance
between A and B along the warping path W can then be calculated as follows:
DW ðA; BÞ ¼

m 

1 X
ai  bwðiÞ :
m i¼1

ð7Þ

The objective of DTW is to find the warping path that minimizes the distance DW(A,B).
Therefore, the DTW matching score between A and B can be calculated by:
DTW ðA; BÞ ¼ minfDW ðA; BÞg:
W

ð8Þ

Since the definition of the DTW matching score is not symmetric, we define the DTW
action distance between two segmented action sequences by:
ADðA; BÞ ¼

1
ðDTW ðA; BÞ þ DTW ðB; AÞÞ:
2

ð9Þ

After calculating the pairwise action distances between all segmented actions, we group
similar atomic actions into one cluster using the hierarchical clustering algorithm [14]. In
this algorithm, the average linkage function is used to create a hierarchical cluster tree, and
then a threshold is defined as the cutoff criterion to construct clusters from the tree. Here,
the threshold is set empirically through experimental observations, and is fixed in all the
examined sequences.
3.4 Atomic action learning and classification
In this step, the mean trajectory of each cluster is used as an exemplar to represent the
cluster. Here, a mean trajectory refers to an average time series of all segmented action
sequences in a cluster. Since the duration of each segmented action sequence is different, we
normalize their durations using an interpolation method. Meanwhile, the exemplars of the
atomic actions are utilized to classify a new input action based on the nearest-neighbor
approach and using the DTW distance defined in Eq. (9). To recognize a new input action
sequence, we need to map the new sequence into the Isomap space. Since the Isomap space
is only constructed for the training data, both the neighborhood graph and the geodesic
distance must be recomputed in order to project new test points into the Isomap space.
Then, the MDS approach can be applied to generate a new Isomap space. However,
reconstructing the Isomap with new data is very time consuming, especially when the size
of the new input sequence is large. To resolve this problem, Law and Jain [15] proposed an
incremental Isomap learning method, which focuses less on “batch” Isomap construction.
More specifically, this method updates only the adjacent graph and the geodesic distance for
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partial points that are related to the new sample in order to identify the coordinates of that
sample. It then updates the coordinates of all the points. Although this approach can lead to
a reduction in the computation time, it is still a time consuming process. In this work, we
propose another way to deal with the problem. We find that it is not necessary to build a
new Isomap space for atomic action recognition unless a new action model is added.
Therefore, as proposed in [15], we simply estimate the coordinates of a new sample to
project the new data points into the existing Isomap space.
Suppose that the coordinates of the training data points are ½x1 ; x2 ; :::; xn , and the
coordinate vector of a new data point is denoted by xn+1. Then, the summation over i ¼
1; :::; n þ 1 and j ¼ 1; :::; n þ 1 for dij in Eq. (2) leads to
xTnþ1 xnþ1 ¼

n
n
1X
1X
2
diðnþ1Þ

xT xi :
n i¼1
n i¼1 i

ð10Þ

The inner product of xn+1 and xj can also be calculated using Eq. (2) as follows:

1 2
dðnþ1Þj  xTnþ1 xnþ1  xTj xj :
xTnþ1 xj ¼ 
ð11Þ
2
From Eq. (2), (10) and (11), the value of xTnþ1 xj can then be calculated by
!
n
n
n X
n
1
1X
1X
1 X
T
2
2
2
2
d
¼ fj :

d

d þ
d
xnþ1 xj ¼ 
2 ðnþ1Þj n i¼1 iðnþ1Þ n i¼1 ij n2 i¼1 j¼1 ij

ð12Þ

Therefore,
½x1 ; :::; xn T xnþ1 ¼ f ¼ ½f1 ; :::; fn T :
Substituting Eq. (6) into Eq. (13), we have
pﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃﬃ T
l1 v1 ; :::; ld vd xnþ1 ¼ f:

ð13Þ

ð14Þ

Then, the least square solution of xn+1 can be derived as follows:

xnþ1 ¼

1
1
pﬃﬃﬃﬃﬃ vT1 f; :::; pﬃﬃﬃﬃﬃ vTd f
ld
l1

T

:

ð15Þ

After each human posture in the test action sequence has been projected into the Isomap
space, the test sequence can be classified into a cluster using the nearest-neighbor approach
based on the DTW distance. We use a threshold to judge whether an unknown action
sequence belongs to one of the learned clusters. If the action distance between the unknown
action sequence and the nearest mean sequence is greater than the threshold value, the
unknown action is regarded as a new action. The threshold is set as μk +2σk, where μk and
σk are, respectively, the mean and the standard deviation of the distances between the
training action sequences and the exemplar of the kth cluster.
Although there are significant savings in computation time by not building a new
Isomap for atomic action recognition, using Eq. (12), we still have to calculate the CSC
distances between a new human posture and all of the training postures. However,
computing the CSC distances is inefficient when the number of training postures is large. To
resolve this problem, we propose the following accelerated mapping approach. First, based
on the k-means algorithm, we replace the training postures with a set of key data points
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selected from the training set in the Isomap space. Then, based on Eqs. (10)–(13), we use
the key data points to estimate the coordinate vector of a new data point. The equations are
derived based on the zero-mean assumption about training data points. Therefore, we have
to translate the coordinates of the key data points as follows:
xa0 i ¼ xai  xa ;
where xai ; i ¼ 1; :::; kare the key data points and xa ¼
0

ð16Þ
1
k

k
P

xai . Therefore, the inner product

i¼1

of xnþ1 and all of the key data points can be calculated by applying Eq. (13):

Atomic action class 1

Atomic action class 2

Atomic action class 3

Atomic action class 4

Atomic action class 5

Atomic action class 6

Atomic action class 7

Atomic action class 8

Atomic action class 9

Atomic action class 10

Fig. 6 The ten classes of atomic actions used for training
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h

xa0 1 ; :::; xa0 k

iT

h
iT
0
0
xnþ1 ¼ XaT xnþ1 ¼ fa ¼ fa01 ; :::; fa0k

ð17Þ

0

Then, the least-square solution of xnþ1 can be derived as follows:
xnþ1 ¼ ðXaT Xa Þ1 XaT fa :
0

ð18Þ

Finally, the coordinate vector of a new data point xn+1 can be calculated by x0 nþ1 þ xa.
Note that ðXaT Xa Þ1 XaT in Eq. (18) can be computed beforehand. Estimating the coordinates
of a new posture in the embedded Euclidian space is therefore very efficient.

4 Experiments
Due to the lack of a benchmark database in the domain of human action segmentation and
classification, we took a video dataset to evaluate the effectiveness of the proposed method.
The adopted data included one training sequence and three test sequences performed by two
distinct human subjects. The training data contained 50 atomic action sequences comprised
of 1983 frames that belonged to ten different classes of atomic actions performed by human
subject 1. In these ten atomic actions, there are 5 pairs of atomic actions, where a pair
consists of the same action both in forward and in reverse. Moreover, action classes 5 and 6
are similar to action classes 3 and 4, except that the subject moves the left hand instead of
the right hand. Similarly, action classes 9 and 10 are similar to action classes 7 and 8, but
with the opposite arm. Typical image frames for each atomic action class are shown in
Fig. 6. Using the Isomap algorithm, a 4-D Isomap space was constructed from the training
data, as shown in Fig. 7. The four dimensions indicate the first four eigenvectors, as
mentioned in Section 2.1, and each curve in the Isomap space represents similar action
postures in Fig. 4. Next, we represented the manifold trajectory in Fig. 7 as a time series of
data points, to which we then applied temporal segmentation. The results of temporal
segmentation are shown in Fig. 8, where each dimension is indicated by a coordinate in the
Isomap space, and each vertical line indicates one break point. It is observed that in some
coordinates, different atomic actions have different time series. Using atomic action
clustering, the segmented atomic actions were correctly grouped into ten clusters, and ten

Fig. 7 The Isomap space constructed from the training data: the 4-D manifold trajectory projected on to (a)
the first three dimensions (dims. 1–3), and (b) the last three dimensions (dims. 2–4)
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frame 1
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frame 240

frame 60
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frame 155
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frame 257

frame 79

frame 80

…
frame 168

…
frame 256
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…

frame 41

…

…
frame 224

frame 40
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…
frame 118

…

…

frame 95

…
frame 188

frame 189

frame 117

…
frame 205

frame 223

…......

…

frame 274

…

frame 291

frame 292

(c)
Fig. 8 The results of temporal segmentation of (a) the time series, (b) a subset of the time series, and (c) the
human posture sequence

exemplar mean trajectories (see Fig. 9) were computed to represent the obtained clusters.
Although several action classes overlap in the Isomap space (such as action classes 1 and
2), they can still be grouped into different atomic action clusters based on DTW clustering
because the time directions of these two action trajectories are different.
Next, we evaluated the performance of the proposed temporal segmentation and action
classifier based on the accelerated mapping approach. First, we tested the accuracy of the
proposed mapping method by remapping the training sequence into the Isomap space using
Eq. (18) and evaluating the reconstruction error of the new method. The reconstruction
error is defined as the average distance between the reconstructed and the original Isomaps.
Figure 10 shows a set of selected key data points and the reconstructed Isomap. From the
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Fig. 9 Ten mean trajectories representing the ten classes of atomic actions are plotted in different colors

figure, it is observed that the reconstructed Isomap is very similar to the original Isomap
shown in Fig. 7. The number of selected key data points is important because it
significantly impacts both the recognition rate and the computation time. Selecting too
many key data points will result in low computational efficiency, while selecting too few
key data points will lead to inaccurate results. To determine the appropriate number of key
data points, we calculate the reconstruction error using different percentages of selected key
points over the total number of data points. Figure 11 shows that when the percentage of
selected key data points falls within the range 1.2–1.4%, the reconstruction error and the
number of key data points are both sufficiently small. Therefore, we use this range as the
threshold for selecting the appropriate number of key points. In this experiment, the number
of key data points was set to 25 (about 1.26% of the total number of 1,983 data points).
Compared to the original mapping approach in which we have to evaluate 1,983 CSC
distances, the computational complexity is dramatically reduced to the evaluation of only
25 CSC distances. In fact, the computation time for each mapping is decreased from 1.125 s
to 0.015 s. This is approximately 75 times faster than the original mapping approach. Based
on the accelerated mapping method, we used three test action sequences to evaluate the
performance of the proposed method. In the first two test sequences, all the atomic actions
performed by the two subjects belonged to the ten learned action clusters. The first test
sequence was performed by subject 1, who provided 44 atomic actions. Fig. 12 shows the
reconstructed atomic action trajectories derived by mapping the new test data into the

Fig. 10 The selected key data points and the reconstructed Isomap space
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Fig. 11 The average distance between the original Isomap and the reconstructed Isomap using different
percentages of selected key points over the total number of data points

simplified Isomap space. In this experiment, all of the atomic actions were correctly
segmented and then classified by computing the DTW distances between input action
trajectories and ten mean trajectories. The second test sequence, which contained 92 atomic
actions, was obtained from subject 2. In the reconstructed atomic action trajectories shown
in Fig. 13, all of the atomic actions were also correctly segmented and classified based on
DTW distances. The third test sequence was obtained by asking subject 1 to perform new
actions that were different from all the trained atomic actions. The reconstructed atomic
action trajectories and ten mean trajectories are shown in Fig. 14. Using the proposed action
classification method, these atomic actions were all successfully classified as unknown
actions because the DTW distances are all larger than the obtained threshold values μk +
2σk. The results show that the proposed method is fast and accurate.
In the last experiment, we used the Weizmann human action dataset [5] to evaluate the
scalability of our approach. The dataset consisted of 90 low-resolution (180×144) action
sequences performed by nine different people, each performing ten natural actions. These
actions included bending (bend), jumping jacks (jack), jumping forward on two legs
(jump), jumping in place on two legs (pjump), running (run), galloping sideways (side),
skipping (skip), walking (walk), waving one hand (wave1), and waving two hands (wave2).
Sample images of each type of action sequence are shown in Fig. 15. Each action sequence
contains only one natural action, which may occur several times in a continuous repetitive
manner. Moreover, each repeated action may include more than one atomic action so that

Fig. 12 The reconstructed atomic action trajectories derived from test data sequence 1 and the corresponding
classification results based on the simplified action classification approach
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Fig. 13 The reconstructed atomic action trajectories derived from test data sequence 2 and the corresponding
classification results based on the simplified action classification approach

each action sequence comprises more than two atomic actions. First, to evaluate the
performance of atomic action segmentation, we segmented each action sequence into
atomic actions based on the proposed temporal segmentation method. Table 1 shows the
correct rate of atomic action segmentation. It is clear that the actions “jump”, “pjump”, and
“skip” have lower correct rates. The main reason is that most postures in these three types
of action sequences are similar. Therefore, some break points are missed. Next, we adopted
a leave-one-out scheme to test the efficiency of the proposed recognition method. In this
case, eight sets of data retrieved from eight distinct human subjects were used to construct
the Isomap space, and then the set of data grabbed the remainder were mapped into the
Isomap space to analyze the recognition result. In order to compare the performance of the
action recognition method with other methods, we extracted the repeated action sequences
from each action sequence by combining the segmented atomic actions. We then calculated
a mean trajectory to represent each action sequence in the Isomap space. Table 2 compares
the recognition results for our approach and the approaches by Wang and Suter [33] and
Niebles et al. [21]. Our method is shown to outperform the other two methods when the
tests were conducted on the Weizmann dataset. Moreover, our approach can automatically
segment the action sequence into several periodic atomic actions within the Isomap space,
while Wang and Suter’s approach requires the combination of a periodicity detection

Fig. 14 The reconstructed atomic action trajectories derived from test data sequence 3 based on the
simplified action classification approach superimposed onto the ten learned exemplar trajectories
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Fig. 15 Sample images in the Weizmann dataset

algorithm and the segmentation algorithm proposed by Cutler and Davis [9] in order to
obtain the periodic atomic actions.
Our proposed method was sensitive to the extracted human silhouette because we used
background subtraction to extract the human silhouette, and subsequently used CSC to
represent the shape of the human silhouette. Therefore, our proposed method is limited in
its handling of challenging problems such as cluttered backgrounds, occlusion and
viewpoint variance. In addition, since the experimental data are mainly uncomplicated
actions, the obtained accuracy of 100% does not imply that the problem of human action
recognition has been completely solved. In fact, the goal of this paper is to represent initial
steps towards solving simultaneously the difficult human action segmentation and
classification problem based on the Isomap algorithm.

Table 1 The correct rate of atomic action segmentation
Actions

bend

jack

jump

pjump

run

side

skip

walk

wave1

wave2

Correct rate

100%

98%

81%

72%

94%

97%

70%

90%

100%

98%
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Table 2 Comparison of our method’s recognition rate with that of the Wang and Suter’s method [33] and
Niebles et al.’s method [21]
Methods

Recognition rate

Our method

100%

Hausdorff+LPP+Raw [33]

98%

GMM+SLPP+Raw [33]

98%

Hausdorff+LPP+DT [33]

96%

pLSA with 2000 codewords [21]

94%

GMM+LPP+Raw [33]

91%

LDA with 2000 codewords [21]

90%

GMM+LPP+DT [33]

88%

5 Conclusion
We have proposed a framework for the unsupervised analysis of human behavior
based on Isomap learning. The framework comprises four modules: an Isomap
learning module, a temporal segmentation module, an atomic action clustering
module, and an atomic action learning and classification module. First, we calculate
a pairwise CSC distance matrix from the training action sequence, and then apply the
Isomap algorithm to construct a low dimensional structure from the distance matrix.
Next, the data points in the Isomap space are represented as a time series of low
dimensional points, and a temporal segmentation process is used to segment this
sequence into atomic actions. A DTW approach is then applied to cluster the atomic
actions. Finally, the clustering results are used to learn and classify atomic actions.
The contribution of our approach is that the proposed automatic temporal
segmentation and atomic action classification within an Isomap space make the
system entirely automatic. In addition, to speed up the mapping from a new input
posture into the Isomap space, we propose an accelerated mapping approach that is
approximately 75 times faster than the original mapping approach. Our experiment
results demonstrate the efficiency of the proposed framework.
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