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ABSTRACT
Human activity in video sequences may be viewed as a sampled trajectory on a low dimensional manifold embed-
ded in a high dimensional ambient space. Due to the unknown underlying manifold structure of the image frames,
we propose a novel framework to define a neighborhood for high dimensional data which, when acted upon by a
mapping operator, results in a subset in an a priorily well defined range space. We exploit the so-called correla-
tion filtering with a specifically selected output response to effectively approximate the data manifold by way of
encoding local neighborhoods on it. This helps us propose an unsupervised learning algorithm of human activity,
and demonstrate its performance in classifying and clustering of different activities taking place in observed video
sequences.
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1 INTRODUCTION
Video-based human activity analysis plays an im-
portant role in video content analysis such as video
surveillance and video indexing. Its inherent complex-
ity is due to the high dimensionality and nonlinearity
of the associated feature space. Using the low di-
mensionality which is intrinsic to the human activity
dynamics, numerous manifold learning techniques
have been proposed [AWAR11] [BR07] [SKN12]. By
reducing the dimension of the feature space, one can
reduce the impact of ’the curse of dimensionality’,
and thereby potentially improve the human activity
classification performance [BNS06]. The raw data on
its own, is, however, insufficient to reflect the necessary
information for characterizing the underlying manifold
structure (or associated tangent space) of the frame
sequences in various human activities. This problem
was overcome by shape-based methods [SKN12] as
well as in [GBS+07] by exploiting the well defined
shape manifold of the silhouette contours in images
of video sequences. These unfortunately, exhibit
limitations when the targets (human images in the
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frames) undergo a topological change, or when there is
more than one target in a scenario to be analyzed.

The key idea underlying manifold learning is the
assumed ability to faithfully encode its essential
local information . This local information is, in turn,
determined by the k-nearest neighbor technique. It
is thus critical to find a robust way to identify the
neighborhood for each data sample (i.e. frame). In this
paper, we choose to define a neighborhood in a high
dimensional space by way of a sequence of correlation
operators defined on the manifold. The manifold
structure is thus now encoded in the operator sequences
which act on the corresponding neighborhoods. We
also exploit the correlation filters [BB10] to develop an
unsupervised learning algorithm for capturing human
activity characteristics under the proposed framework,
and to thereby demonstrate its learning capacity by
interpolation and activity transition detection. The
clustering and classification potentials of the algorithm
are in addition illustrated, and their performance
demonstrated.

The remainder of this paper is organized as fol-
lows, in Section 2, we describe the mathematical
formulation of the local information encoding by
way of an associated operator sequence on the un-
derlying data manifold of interest. In Section 3, we
introduce the detailed algorithms used in analyzing
the human activity video sequences of interest. In



Section 4, we substantiate our development by running
clustering and classification experiments on real data,
and demonstrate the performance of our proposed
method. In Section 5, we conclude with some remarks
and with a brief discussion of future research directions.

2 CLUSTERING OPERATORS ON
MANIFOLD

It is a clear fact in human activity analysis or in general
video sequence analysis, that we neither have the
explicit form of the underlying manifold of the im-
ages/frames, nor do we have the ability to approximate
the tangent space of this manifold. Many learning
techniques have explored underlying structures of
manifolds by tangent space estimation, which in turn is
approximated by neighborhood points determined by
k-nearest neighbors [Row00] [Don03] [BN01]. How-
ever, distance measures become very sensitive with
the increase of dimensionality, and the proportional
difference between a farthest point and a nearest point
vanishes, making the k-nearest neighbor approach
unreliable [HK00] [HK10]. In addition, sample points
(in our case our video frames) are not necessarily
uniformly distributed in ambient space making the
tangent space estimation even more challenging, and
learning the manifold more elusive.

When considering human activity, we may, how-
ever, assume a low dimensional structure for a given
video sequence, or as a time sequence of sample points
in high dimension, which may in turn be viewed as
a trajectory curve on a lower dimensional manifold
embedded in high dimensional space.

As discussed in the next sections, we take advan-
tage of mapping operators to more precisely define
sequential neighbors in a high dimensional space.

2.1 Bounded operators on a manifold
Building on [Yao98] [RV07], we proceed to determine
"neighboring frames" by way of mapping operators
applied to data to achieve a predefined desired output.

To be precise, the following definition of neigh-
bors is in order,

Definition 1 Consider a given continuous mapping
T : U 7→ V ⊂ Rn, U is a subset of a data mani-
fold M which is embedded in Rn. Given σ > 0. A
σ -neighborhood of x0 is a subset N ⊂ U, ∀x ∈ N
satisfying ‖T x0−T x‖ ≤ σ .

When searching for neighbors of x1,‖T x1−T x2‖
may also be interpreted as h : U 7→ R+,h(x) =

‖T x1−T x‖ ,x is a neighbor of x1 if and only if
h(x) ≤ σ . From the theory of bounded operators
[Kre78], we may alternatively provide a more general
scope by the following,

Definition 2 Consider h : U 7→ V a continuous
mapping on U , x is a W-neighbor of y under h, if
h(x) ∈ W,h(y) ∈ W,W ⊂ V , S = h−1(W ) ⊂ U is the
W-neighborhood under h.

The complexity and the nonlinearity of a human activ-
ity require that an operator sequence h̃ = {h1, . . . ,hq}
be applied to cover all the degrees of freedom intrinsic
to high dimensional video sequences. Each operator hi
in the sequence h̃ defines a neighborhood Si, which can
be seen as an approximation of a tangent space of the
data manifold. The set of S = {Si} covers the whole
high dimensional space of video sequences of a given
human activity. Practically, this is also a way to over-
come the difficulties of k-nearest neighbor estimation,
and to encode local information of a manifold simulta-
neously, as noted earlier in Section 2. This is a more
general and flexible depiction/representation of a local
open set on a manifold than that of a local tangent space
often used in manifold learning algorithms. To sum up
the idea above, we may succinctly state the following,

Definition 3 Consider a curve X : [0,1] 7→ U ⊂ Rn,
given a set of operators h̃ = {h1, . . . ,hq},hi : U 7→ V ,
X is said to be covered by a W-neighborhood under h̃,
if ∀t ∈ [0,1],∃i ∈ {1, . . . ,q},hi(X (t)) ∈W,W ⊂V .

2.2 Representative Operators of a High
Dimensional Image Space

To exploit the framework in Section 2.1 in addressing a
video sequence modeling, we need to construct an op-
erator set associated to video sequences in the class of
human activities of interest. An important property of
any resulting operator, is that it must be least sensitive
to noise commonly encountered in measured images.
Instead of vectorizing each image in Rn, and encod-
ing the local information by selecting k-nearest neigh-
bors in the metric space Rn, as is commonly practiced
in manifold learning techniques [Row00] [Law05], we
choose to radically depart from this idea. This is pri-
marily due to the high sensitivity of Euclidean distance
in Rn to common noise terms in image processing (i.e.
White noise), and to the limitation brought on by "the
curse of dimensionality" [HK00] [HK10]. Inspired by
the successful application of filters in image process-
ing [BB10], we proceed to choose our fore-described
mapping operators from the class of 2-dimensional con-
volution kernels: hi(x) = hi ∗ x. In contrast to the
distance-based low dimensional subspace representa-
tion of vectorized frames, the inherent relations among



Figure 1: Similar frames may not close to each other
in Euclidean metrics. The Trained Operators can map
similar frames close to each other in the range space

video frames will be preserved in the neighborhood un-
der the mappings, and the noise largely filtered out.

To more clearly define the data neighborhood, we pro-
ceed to define the covering of X(t) (frame/video se-
quence) by an operator sequence,

Definition 4 h : U 7→ V is a convolution operator on
U ⊂ Rn, then x is a neighbor of y if h ∗ f ∈W,h ∗ y ∈
W,W ⊂U.1

Definition 5 X : [0,1] 7→ U ⊂ Rn, is covered by h =
{h1, . . . ,hq},hi :U 7→V if ∀t ∈ [0,1],∃i∈{1, . . . ,q},hi∗
X (t) ∈W,W ⊂V .

3 CONVOLUTIONAL OPERATOR SE-
QUENCE CONSTRUCTION

Convolutional kernels have been successfully used
in video analysis for correlation filter-based track-
ing [BB10]. Trained correlation filters can robustly
track targets in a video sequence. It is a special case of
the filters in Definition 5 since one filter is sufficient
to learn from the data sequence, and to track the target
with small perturbation. In human activity analysis, a
target may dramatically change because of articulation
deformation. This is hence tantamount to saying that
a set of operators will be required to capture all the
potential information embedded in a video sequence.
Building on MOSSE filters [BB10], the training of op-
erators is carried out on the basis of a sample point set
of a high dimensional curve X per Definition 5. For
clarity as well as computational efficiency, we discuss
all implementational issues in the Fourier domain. Let
F = F ( f ) denote the 2D Fourier transform of a given
image frame, and H = F (h) that of the h. In that light,
and given a data set Fi, the optimal filter H∗ is obtained
by

min
H∗

∑
i
|Fi

⊙
H∗−Gi|, (1)

where Gi = F (gi) denotes the Fourier transform of the
ideally desired output gi, a spatial (2D) gaussian signal,

1 x and y are samples/frames of a sequence.

and
⊙

denotes a Schur product (i.e. an element-wise
multiplication).

As shown in [BB10], the optimal solution of Eq.( 1) is

H∗ =
∑i Gi

⊙
Fi

∑i Fi
⊙

F∗i
. (2)

3.1 Neighborhoods Information Encod-
ing

As noted earlier, the operator sequence with their asso-
ciated neighborhood encode the information of the data
manifold, and hence implicity describe a corresponding
manifold of operators which captures and reflects the
information of the initial data (video sequence). It is
hence important that the defined neighborhood be pre-
served following the mapping (i.e. close points in the
initial manifold space should remain close in the range
space upon mapping) and be robust to noise. To this
end, we also adopt a Peak-Sidelobe Ratio (PSR) as the
optimization criterion of choice [BB10],

PSR =
gmax−µs

σs
, (3)

where gmax is the maximum value of the response; µs
and σs respectively are the peak value and variance of a
sidelobe.

Given gi = fi ∗h, fi is the input data and h is the opera-
tor, then PSR is a function defined on the output image
domain, PSR(gi) ∈ R+.

More specifically, neighbors of a given frame under a
correlation filter operator is defined as,

Definition 6 For x,y ∈U , h is a operator on U ⊂ Rn,
y is called a neighbor of x if h∗x∈W and h∗y∈W,W ⊂
U. Furthermore, h∗ x ∈W ⇔ PSR(h∗ x)> η > 0

3.2 Learning an Operator Kernel Se-
quence from Data

As discussed above, we propose a specific algorithm to
automatically explore the structure of the data manifold
by way of a sequence of kernel convolutional operators
whose manifold is more easily characterized. The
cardinality of the set of operators being unknown a
priori, we first randomly pick a frame fi from the
available data set. We subsequently select all points of
the neighborhood of an fi-trained operator to further
train the operator H j. Excluding all data points from
the neighborhood under H j, we pick the farthest point
in the data set from S, to iteratively determine the next
operator and until all data in the training set is covered
by the operator sequence H = {Hi}.

The algorithm to construct an operator sequence
is described below.



• Given image sequences { fi} as a training set T

• Randomly pick one frame f from the training set T

• While T is not an empty set

1. Train operator H from frame f . Find all frames
fHi which belong to SH (The neighborhood under
H)

2. Train operator Ĥ from SH . Find all frames fĤi

which belong to SĤ (The neighborhood under Ĥ)

3. Define T as the complement of T with respect to
SĤ , T = T −SĤ

4. Define fi to be the ’farthest’ point to SĤ in T :

fi = arg min
f j∈T

PSR(h( f j))

4 VALIDATION AND EXPERIMENTS

We next carry out a series of experiments to demon-
strate the performance of our algorithms for human
activity analysis. We use the database in [GBS+07],
which includes 9 different people performing 9 differ-
ent activities individually, such as jumping, running and
walking, etc. The relatively low resolution video clips
with a naive foreground extraction, provide a good ap-
proximation to the noisy and imperfect environment of
video surveillance. And since the textural information
for each person does not impact the activity itself, we
exclude the textures, and only use distance maps for
each frame.

4.1 Interpolation and Segmentation

With an operator set h = {hi} and video frames
f = { f j}, each f j has a index i j from its corresponding
operator hi j . The sequence of indices demonstrates the
stages of a video sequence. Fig. 2 gives an example of
the segmentation of a video sequence.

With the information of the operator sequence,
we can interpolate between two frames, as shown in
Fig. 3 and Fig. 4. Note that if data on the manifold
as defined by our operator sequence is used, the
interpolation should then successfully recover the true
activity frame.

4.2 Activity change detection

Activity change will influence the response of opera-
tor sequences. Since the operator set is specifically de-
signed to cover all variations in each activity, the re-
duced response always means the variation of activity,
as shown in Fig. 5

Figure 2: Segmentation of human activity based on
neighborhood under each operator. The number on
each frame represents the index of the associated op-
erator

Figure 3: Human ac-
tivity sequences (bend-
ing) interpolation. (b)
The interpolated gesture
between left and right
frames

Figure 4: Human ac-
tivity sequences (run-
ning) interpolation. (b)
The interpolated gesture
between left and right
frames

Figure 5: The response of the operator set is severely
decreased with activity transition. x axis represents
frame number and y axis represents PSR value

4.3 Activity Clustering
Similarity between two sequences f i = { f i

k} and f j =

{ f j
k } is defined as

Ai j = (
Ni j

Nii
+

Ni j

N j j
)/2 (4)

Ni j = Cardinality of S j
⋂

f i. S j is the neighborhood of
f j under their own operator set. Notice that here no fur-
ther registration or alignment is needed for this metric.

In this experiment we applied a regular spectral
clustering algorithm [NJW01] on the similarity ma-
trix(Fig. 6)of all 81 video sequences. With 7 out of



Figure 6: Similarity matrix of 9 classes of human activ-
ities, 9 realizations for each activity. 1 means the given
two sequences are similar to each other and 0 vice versa

81 misclassified, 91.36% sequences are correctly clus-
tered. The success of clustering here demonstrates that
the similarity measure reflects the intrinsic closeness of
different human activity sequences.

4.4 Activity Classification
We separate the database into a training set and a
test set by randomly selecting 4 sequences from each
activity and let the remaining 5 sequences of each
activity as a test set. For an input sequence, each
operator set Hi will convolve the signal and we can
have a set of sequences of PSR value. We calculate
the maximum PSR at each frame for each operator set,
and use them as similarity features between input and
the corresponding class. The input sequence is then as-
signed to the class of operator with maximum median,
such as Id of Input = Id of maxmedian(PSR(g))

In spite of selecting relatively a small training set,
the rank-1 recognition rate is 90.06%, with 31
misclassified in 315 tests.

5 CONCLUSION
In this paper, we present a novel framework of manifold
learning by using operators on a manifold and propose
an unsupervised learning algorithm to represent human
activity sequences with a small number of operators.
By using the set of operators for each human activ-
ity, we demonstrate the high performance for clustering
and classification. Combined with successfully interpo-
lating frames among sequences, the experiments show
that the feature extracting by an operator set construc-
tion is fast, accurate and robust. Furthermore, from the
experimental results, a high dimensional neighborhood
in our framework is more robust compare to Euclidean
distance, and shows potential to overcome the curse of
dimensionality.
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