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Abstract

Due to the advent of digital TV and the availability of large video databases the task
of automatic video classification has received a great research interest. The objective
of video classification is to label a video sequence with its corresponding class, among
a predefined set of classes. Typically, full resolution video data is required for the
extraction of appropriate features. However, under the case of limited-resource sensing
systems, which happens in applications like video surveillance and remote sensing such
processing can be computationally and power demanding placing significant burden
on the encoder’s side. Additionally, a large bandwidth is required to transmit full-
resolution data at a base station for further processing.

In this thesis we address the aforementioned problems by exploiting the framework
of compressive sensing. Compressive sensing acting simultaneously as a sampling and
compression protocol enables the efficient representation and reconstruction of a sparse
signal from a set of non-adaptive linear incoherent measurements much fewer than
what is described by the Nyquist theorem. Here, we exploit the properties of linear
random projections for addressing the problem of video classification without handling
the original high-resolution data. In particular, we introduce two compressive video
classification systems that work directly in the compressed domain. We assume the
scenario of a video classification system equipped with a single-pixel camera that can
directly acquire compressive samples in the optical domain.

In the first system the compressively sampled frames are directly used as features
along with an appropriate decision rule to classify a query sequence. In the second
system a block-based compressive acquisition model is used together with dictionary
learning, and a support vector machine (SVM) with a spatio-temporal pyramid match-
ing kernel for the classification phase. The proposed methods are evaluated using a
subset of the UCF50 activity recognition dataset. The results verify the efficiency of
the proposed video classification systems and illustrate that features based on com-

pressive measurements, in conjunction with an appropriate decision rule, results in an

iii



effective video classification scheme, which meets the constraints of systems with limited
resources. In addition, the comparison with a conventional video classification scheme
that exploits the full-resolution video data illustrates that, although only a small per-
centage of the original data is used in the compressive video classification systems, no

significant degradation in performance is observed.
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ITepiAndn

E€outiag e €hevone tne npraxnc tnhedpoaons xat tne dtadeotpdtnrac peydhwy Baoewy
dedopévev Bivieo 1 autéuaty xatnyoptonoinoy Bivieo €yel yivel avtixeluevo epeuvnTixnc
uerétne. O otdyoc g xatnyoplonoinong Bivieo eivar 1 avtiotoiynon wag axolovdiog oe
wla xAdom avdueoa oe éva tpoxadoplouévo alvoho xhdoewy. Luvidwg dedouéva TAHpouS
AVIAUONE AMAUTOUYTOL Yol TNV EEAYWYT| TWV XATIANAWY yapaxtneto tixwv. Tap” dha autd,
OTNY TERINTWAY CUCTNUATKY TEPIOPIGUEVLY TOPWY, OTWS aUTA Of £papuoyés Pivteono-
paxohovUnong 1 tnhemoxdmnong auth 1 enelepyaoio propel va anodetydel utohoyloTixd
xau evepyelaxd amantixy) emBaplvovtag Witepa TNV TAELpd Tou xwdxonoTy. Emniéoy,
HEYdho €0p0og LWVNG AmotTE(Tal Yid TNV OTOG TOAT| TV BESOPEVWY TATiPOUS aVIAUCTE OE Eval
otadud Paone v emmiéov eneepyaoia.

Yy nopoloa epyacia avtipetonilovye to TpoavapepVEvTa TpolAfpata EVTOC TOU
mhauoiov e oupmeo uxhg detypoatolndlag. H ovumeotu derypoatondla Aertouvpy®vtag
TAVTOYPOVI WG TEWTOXOMNO detypatoAndiag xar cuunicong ETITEENEL TNV ATOBOTIXY AVa-
TOPAO TUOT) XL OVAXUTACKEVY) EVOS 0patol) GHRATOS amd EVa GUVOAD UN-TROCUPUOCUEVLY
YOULUXOY PETENOEWY TOM) AtydTEQWY and autég mou npofAenet To Yewpnua tou Nyquist.
X1n ouyxexpiuévn tepintwar aloTolo0UE TIC IBOTNTES TWY YROUUUXOY TUY WY TEOBOAGDY
010 TEOPANUY NS xatnyoplonoinong Bivieo ywplg Tn Slayelplon TV apyIx®Y GECOUEVELY
v avdhuong. Buyxexplpéva Tapouctdloupe dY0 CUCTAYATA CUUTIECTIXNG XAUTNYO-
ptontotnong Bivieo 1o omola douketouy an’ euldelug ot cuunieouéva dedouéva. Ocwpolue
TNV nepintwon evég ouoThuatog Tou dodéter ula xdpepa evog miEeh N omofo umopel va
XATOYEAPEL CUPTLES TIXd DElYpaTa 6T0 OO TEd{Oo.

Y10 1pwT0 GUOTNUO TU CUUTIEGTIXA DELYUATOAITNUEVY XAUPE YENOILOTOLO0VTAL Xt
eudelay WC YOPUXTNELOTIXA GE GUVOUACUO UE EVOY XUATIAANAO XovOVAL AndYIoNG Yiol THY
xatnyoplomoinoy wac dyvenotne axolovdiog. 3to 8elTepo clUoTNUA YeNotuoToLEiToL €val
wovtého ouvumeoTixig detypoatohndlag oe pmhox tou xapé pwoli pe expdinon he€ixod xou
évay tadvopnti Mryoavic Edpaiwy Atavuoudtwy (SVM) e ouvdptnon tuphiva ywpeoypeo-
vixig mupopidag yioo T @don tne tadvounong. Ot mpotewvoueveg uédodot allohoyolvTa



YENOWOTOWVTAS Eva utooUvoho g Bdong avayvoplong dpactnetdotntag UCKF50. Ta
anoteéopata eMPBEBoULdVOUY TNV ATOBOTIXOTATA TWY GUCTRATWY Xat DElYVOUY 4TI Yopo-
xtnploTixd mou Pacilovial GTIC CUUTIEGTIXEC UETPTIOEIC O CUYBLAOUSO WE XATIAANAOUG
XAVOVES OmOQACTC 00NYOUY GE AmOBOTIXG OY U XATNYORIOTOINGNS, TO OTolo TANPO! Toug
TEPLOPICUOUE TWVY CUC TNUATKY TEQIOPIOUEVLY opwy. Emniéov, and tn olyxplon ue €va
ovufatind clotnpa xatnyoptonoinong Pivieo mou aionotel ta Sedopéva TAHPOUS avdiu-
ong Qalvetar OTL TAPd T YENOT EVOS Uxpo) HOVO TOCOCTOU TV ApYIX®Y DEDOUEVWY G Ta
OUCTAUATO. CUUTIESTIXAG XUTNYOPIOToNo NG auTd BeV TEOXAAel oNUavTIX UElWo oTNY

an6do0oT,.
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Chapter 1

Introduction

Modern high-resolution sensing devices, with signal processing and communication ca-
pabilities largely based on the seminal Shannon and Nyquist studies, have enabled the
acquisition, storage, and transmission of ever increasing amounts of data. Apart from
reconstructing the original signal, several tasks such as detection and classification are
also of paramount importance in signal processing applications. Focusing on the clas-
sification task, the problem consists in finding the correct class of the sensed signal
among a set of candidate classes.

An area which could benefit significantly by the introduction of efficient computa-
tional models is video classification. With the advent of digital TV and the availability
of large digital video databases, it is desirable to classify and retrieve high-resolution
video content automatically. Moreover, in a remote sensing application, the potentially
limited power, storage, and bandwidth resources require the efficient representation of
the video content in a precise and compact way for further decision making. A char-
acteristic example in the later case is the design of unmanned aerial vehicles (UAVs)
and terrestrial sensor networks, which have been increasingly used in surveillance and
reconnaissance applications, where the captured video is exploited to classify a target
of interest.

Consequently, a lot of research effort has been put on the development of automatic
video classification algorithms. As any other classification task, the effectiveness of a
video classification system is determined by two main factors, namely, i) the quality
of extracted features that comprise the video sequence signature and ii) the selected
classifier that is used for the final label assignment to a query video sequence.

Features used for the purpose of video classification generally are drawn from three

modalities, namely text, audio and visual. However, based on the fact that humans



receive most information through their sense of vision, the majority of the approaches
rely on visual elements, that are commonly drawn from keyframes representing a shot
[1]. These include color-based features like color histograms or color correlograms
that can capture the global and/or local distribution of colors in a video frame [2, 3],
motion-based features which include computation of optical flow in global or local
histograms or direct use of motion vectors in case of MPEG videos [4, 5, 6] as well as
gradient-based features that provide appearance, shape and object information of video
sequences [2, 7, 8]. As regards classification techniques, several are also employed in
conjunction with the appropriate features, including support vector machines (SVM),
hidden Markov models (HMM) and Bayesian methods based on maximum a posteriori
(MAP) estimation.

However, the aforementioned procedures require the full resolution video data for
the generation of the descriptors, which is highly inefficient for the case of limited-
resource sensing systems. In particular, the onboard processing of a high-resolution
video for the generation of the associated features may be computationally and power
demanding placing significant burden on the encoder’s hardware, while on the other
hand, a large bandwidth is required to transmit full-resolution data at a base station
for further processing and classification.

In this thesis we address the above drawbacks by exploiting the framework of com-
pressive sensing (CS), which is acting simultaneously as a sensing and compression pro-
tocol and is based on non-adaptive linear incoherent projections for the representation
and reconstruction of sparse signals [9]. We introduce two CS-based video classification
approaches that are directly applied in the compressed domain without any need for
signal reconstruction. More specifically, we consider the scenario of a sensing system
equipped with a single pixel camera [10] having the ability to estimate the correct class
without demanding the acquisition of the video data at full resolution. Instead, suitable
feature vectors associated with the captured video sequence, along with the appropriate
decision rule, are expressed in terms of the compressed measurements.

The remainder of the text is organised as follows. In Chapter 2 background theory
and related work in automatic video classification and compressive sensing are summa-
rized. In Chapter 3 a frame-based compressive video classification system is described
that uses directly the compressed measurements of the video frames for the classifica-
tion task. A block-based compressive video classification system using sparse coding
and spatio-temporal pyramid matching is introduced in Chapter 4, while the proposed
systems are evaluated in terms of classification accuracy in Chapter 5. Finally, in

Chapter 6 we conclude and investigate possible future extensions.



Chapter 2

Background theory and related

work

2.1 Automatic video classification

Automatic video classification (AVC) is defined as the task of assigning a meaning-
ful label to video sequences according to a set of predefined labeled classes. As any
other classification task, the effectiveness of an AVC system is determined by two main
factors, namely, i) the quality of extracted features that comprise the video sequence
signature and ii) the selected classifier that is used for the final label assignment to a
query video sequence. In this section, commonly used features and classification rules

are summarized.

2.1.1 AVC features

Video sequences generally include information from three modalities, that is text, au-
dio and visual and as a result, features extracted can come from any combination of
them. However, in the following, only the visual modality is explored, assuming that
in the video sequences under consideration no audio channel is available and no textual

information exists.

Color-based features: Each video frame is composed of a number of pixels whose
color is described by a set of values from a color-space, e.g. RGB, HSV. One of the
simplest features that can be extracted from color information is the color histogram
that is the number of pixels in the frame at each value of the used color space. Thus, a

color histogram represents the distribution of colors in a specific frame and is invariant



to translation and rotation of image content. Nevertheless, its simplicity comes not
for free, since it exhibits two main drawbacks. Firstly, as a global frame feature it
discards spatial information of the distribution and, secondly, it is highly sensitive to
illumination changes.

Regarding the first drawback, one approach adopted is to first divide the frame into
a dense grid of uniformly distributed pixel regions, compute the histogram of intensities
over each cell, and then concatenate all the histograms into one large feature vector. A
second solution for taking into account the local color spatial correlation as well as the
global distribution of this spatial correlation is the color correlogram. In fact, a color
correlogram of a frame forms a table of statistics for color value pairs, where the k-th
entry for pair (7, j) specifies the probability of finding a pixel of value j from a pixel of
value 7 at a distance k in the frame.

The second drawback can be alleviated by a normalization of each color channel in
£-1 or £-2 norm, since during illumination change color values for pixels approximately

undergo independent multiplicative changes in each color channel R, G and B.

Motion-based features: Motion in a video sequence can be generally due to both
object movement and camera action. The features extracted to describe these patterns
depend largely on the calculation of optical flow. In optical flow approaches dominating
motion patterns are approximated by analysing pixel intensities across consecutive
frames.

Under the two assumptions (constraints) of 1) brightness consistency assumption
(BCA), namely color or intensity values of corresponding pixels in frame ¢ and frame
t+1 are constant and 2) smoothness of velocity, where motion of pixels in a small region
is small and uniform, the optical flow vector field can be computed by discretizing the

following equation:
B(u,v) = //((Exu + Byu+ B 4 X(|Val® + [Vol2))dady (2.1)
Q

where, F stands for image intensity, I;, F, and E; are the partial derivatives along z,
y and t axis respectively, u and v is the velocity along =z and y direction respectively,
Q) is a small region of interest and o? is a regularization parameter.

The final features used for the modeling of motion patterns are optical flow his-
tograms or optical flow differential histograms computed in a global or local manner.
An approach used commonly for the task of action/activity recognition for the descrip-

tion of localized motion is the histogram of optical flow (HOF). First, optical flow is



computed. Then, differentials of optical flow are calculated in order to compensate
for camera motion. Finally, the sequence of differential optical flow images is split in
overlapping subvolumes that are further divided in small space-time cuboids. Optical
flow is accumulated in a 1D-histogram per cuboid and the histograms of all cuboids in

the subvolume are concatenated, resulting in a feature vector per subvolume.

Gradient-based features: Intensity gradient is known to provide appearance and
shape information in videos, since dominant gradient magnitudes correspond to image
edges. A popular approach for the computation of localized gradient features is the
histogram of oriented gradients (HOG), where image gradients are used to calculate
feature descriptors based on histogram of dominant orientations within dense and over-
lapping space-time regions. Initially, the gradient is computed by applying appropriate
filter kernels on the horizontal and vertical directions of the image (e.g. [1,0,—1] and
[1,0,—1]7) and next the same philosophy as in calculation of HOF is followed: the
gradient images are split in overlapping subvolumes, consisting of space-time cuboids,
and 1D-histograms of gradient orientation are computed per cuboid. Finally, the his-

tograms in each subvolume are concatenated to form the final subvolume feature vector.

2.1.2 AVC classifiers

After the signatures are extracted from the video sequences, they are used (with their
corresponding labels) as input to a classification algorithm. Thus, a training model
is firstly built which is then utilized for the classification of an unlabeled observed se-

quence.

k-Nearest Neighbors k-Nearest Neighbors (ENN) is one of the simplest machine
learning algorithms used for classification. It is of the type of "lazy” learning schemes
in the sense that no training model is built before classification. Given a query sequence,
the distance between its signature and each of the training signatures is firstly com-
puted. The commonest label among the k closest training signatures is then assigned
to the unlabeled sequence. The main advantage of kNN algorithm is its simplicity that
facilitates implementation. However, when the training set is large the algorithm faces
speed and memory issues while the prediction accuracy can quickly degrade when the

dimensionality of the feature vector grows.



Support Vector Machines: Support vector machines (SVM) belong to the category
of binary discriminative classifiers, since they focus on separating two or more classes
rather than modeling them. After mapping training signatures in a high dimensional
space using the kernel trick in order to achieve linear separability, they learn the hy-
perplane that maximizes the geometrical margin between the two classes by solving
a convex quadratic programming problem. This hyperplane is expressed through a
weighted combination of a small (ideally) number of training samples, named the sup-
port vectors. A query sequence is assigned a label according to the side of the feature
space it resides with reference to the separating hyperplane. Although SVM were ini-
tially introduced as a binary classifier, extensions for the multiclass case exist, either
by finding one hyperplane for each pair of classes (one-against-one strategy) or by find-
ing one hyperplane that optimally separates each class from the rest (one-against-all

strategy).

Hidden Markov Models: Hidden Markov model (HMM) is a probabilistic technique
used to model the temporal structure of the features extracted from a video sequence,
which can indeed be a discriminative cue for the classification task. The HMM assumes
that the system being modeled is a Markov process with a finite number of unobserved
(hidden) states, following a prior distribution 7. In each time instance the system enters
one state according to a probability distribution A depending only on the previous state.
After the state transition, an observable symbol (a feature vector in AVC framework)
is generated based on a probability distribution B depending on the current state. The
training set is used to learn the model A\ = (A, B,7) so that the probability p(O|X)
is maximized, where O is a sequence of observations. Most times a number of HMMs
are learned for each class (each one describing the temporal evolution of one feature
type). A query sequence is labeled with the label of the class whose model maximizes
the posterior probability p(A|O) (or the sum of posterior probabilities if more than one
HMDMSs/class are trained).

2.2 Compressive sensing

According to the well-known Shannon/Nyquist theorem, which is dominating the pro-
cedure of signal acquisition, a signal’s sampling rate must be at least twice its maximum
bandwidth for loss of information to be avoided. However, as it is proven by the tra-
ditional scheme of transform coding, this is a highly redundant sampling procedure for

most natural signals, such as images, which follow a sparse model. Compressing sens-



ing (CS) addresses this issue by acting as a simultaneous sampling and compressing
protocol, enabling the effective sensing of a signal using a relatively small set of linear
non-adaptive incoherent measurements [11].

To put it more formally, consider the signal &, a N x 1 column vector in RY, and a
N x N basis matrix ¥ = [, %5, -+ ,%¥y]|. Such a signal, that can be represented as
x = Ws, is said to be K-sparse in the basis ¥ if the vector s € RY has only K < N
non-zero entries.

Under the CS paradigm the signal is directly acquired in a compressed form using

the following measurement model,
y=>Px=>Us (2.2)

where ® is an M x N random measurement matrix with M < N and y is the M x 1
resulting vector of compressed measurements. The above sampling procedure is char-
acterized as incoherent if the largest correlation between the rows of the measurement

matrix ® and the columns of the basis matrix ¥,
WP, ) = H]ﬁ.ﬂ < P, > | (2.3)

is sufficiently small so that the rows of ® cannot sparsely represent the columns of ¥
(and vice versa).

Common choices for ® are random matrices with independent and identically dis-
tributed (i.i.d.) Gaussian or Bernoulli entries, with columns normalized to unit ¢,
norm. Such matrices are proven to exhibit a very low coherence with any fixed basis

W, building up the universality of the sampling scheme.

2.2.0.1 Single-pixel camera architecture

The single-pizel camera (SPC) is one of the hardware applications proposed for the
direct application of CS in the optical domain. As it is revealed by its name this
imaging device has a single photon detector in contrast to a conventional camera which
incorporates a vast array of photon detectors, one for each pixel.

As shown in Fig. 2.1 the light-field is focused by Lens 1 onto a digital micromir-
ror device (DMD), a type of reflective spatial light modulator (SLM) that selectively
redirects parts of the light beam. The DMD consists of an array of micro-mirrors each
of which is suspended above an individual static random access memory (SRAM) cell.

Any mirror rotates about a hinge and can be positioned in one of two states (£10



Figure 2.1: Single-pixel camera architecture

degrees from horizontal) according to which bit is loaded into the SRAM cell. As a
result, light falling on the DMD can be reflected in two directions depending on the
orientation of the mirrors.

Assume a measurement matrix ® = [¢1 ;- dp)?T € RM*N and an image
x € RN, During the acquisition of j-th compressive measurement, each element of the
SLM corresponds to a particular element of ¢;. The corresponding element of the SLM
can be oriented either towards (for 1 in SRAM cell) or away from (for 0 in SRAM cell)
Lens 2. Lens 2 collects the reflected light and focuses it onto a single photon detector
that integrates the product of & and ¢; to compute the measurement y; = ¢jT:n as
its output voltage. This voltage is then digitized by an A/D converter and sent to
the decoder for further processing. It is noted that since the DMD is programmable,
arbitrary measurement matrices can be applied, for instance by dithering the mirrors
back and forth during the photon detector integration time.

Two issues arise in the above setting. Firstly, since the acquisition of compressed
samples is realized in a sequential manner, the scene captured is assumed to be static
or at least slowly changing. When it comes to a video sequence, it is assumed that the
scene remains unchanged during the sampling of each frame. Secondly, storing large
measurement matrices in a SPC system is impractical, thus instead of a purely random
® a more appropriate choice is a structurally random matriz [12], such as Block Walsh-
Hadamard operator (BWHT) that admits a fast transform-based and memory efficient

implementation.

2.2.0.2 CS signal reconstruction

Under the assumptions of signal sparsity and incoherent sampling and if additionally
M = O(K log(N/K)) it is possible with high probability to reconstruct the initial signal



by solving the following ¢1-norm minimization problem
§ = argmin ||s]|1,s.t. y=PW¥s (2.4)
S

When noise is present a perfect reconstruction may not be possible, so a relaxed

version of the above formulation is considered:
§ = argmin ||s]|1, s.t. ||y — ®¥slla <e (2.5)
S

where € bounds the signal noise.
Several algorithms have been proposed to solve the optimization problems of (2.4)
and (2.5) after appropriate reformulations. These include linear programming methods

(9], [13]) as well as greedy methods from the class of matching pursuit algorithms ([14],

[15]).

2.2.0.3 Classification in the compressed domain

Precise signal reconstruction is not always the goal in a signal acquisition application.
Since the meaningful information of the signal is preserved through CS measurement
process the compressed samples acquired can be directly exploited for the task of signal
classification/detection as well. The far less aggressive goal of classification compared
to reconstruction is proven to be accomplished with much fewer compressive samples
(6], [17)).

It is noted, that under a machine learning framework the CS measurement procedure
can be seen as a non-adaptive dimensionality reduction technique, known as random
projections (RPs). RPs are known to generate a low-dimensional representation of
the initial signal that encodes its salient information content, in a simple linear and

data-independent universal way.

2.2.1 Sparse coding and dictionary learning

According to the linear generative model a signal & € RM can be expressed as a linear

combination of several basis items coming from a dictionary D € RM*N that is
x = Da (2.6)

where a € RY is the representation vector.

In case where an orthonormal basis set, like DCT or wavelets, constitutes D it is



straight-forward to compute a by solving the above system of linear equations. However,
if D is overcomplete, that is, M < N, the system above is underdetermined and further
assumptions on the signal properties have to be made to solve (2.6).

Sparse coding tackles this problem by representing the signal under consideration
as a weighted linear combination of only a small number of items coming from D.
Sparsity assumption has been validated for several natural signals, like images, and has
been successfully applied in a number of computer vision related tasks, such as image
denoising, impainting and classification.

Formally, the sparse coding problem can be formulated as the following ¢; mini-
mization problem:

a = argmin ||a|1,s.t. € =Da (2.7)
a
If signal noise exists the problem is reformulated as follows:

a = argmin ||a|1,s.t. ||z —Dal|2 <€ (2.8)
a

As it can be seen, equation (2.8) describes exactly the same problem as equation
(2.5) and as a result the same algorithms can be applied.

A second issue that arises in the framework of sparse coding is the nature of dic-
tionary D. Although preconstructed fixed dictionaries are always a choice, they are
typically limited to their ability to sparsify the signals they are designed to handle.
In order to overcome this limitation the dictionary D can be built through a learning
process using a training database of signal instances.

Concretely, the problem of sparse dictionary learning can be formulated as follows:

M
o, - > 5z~ Dasld + Aas] (2.9)
where ) is a regularization parameter.

The above problem is normally solved through an alternating iterative process. At
each stage of one iteration, firstly the sparse codes a; are updated as in (2.8), while D
is kept constant. Next, D is updated by keeping a; fixed.

Common learning algorithms process the training database in batch-mode ([18],
[19], [20]), accessing the whole dataset at each iteration. Although effective in case of
moderate-sized training sets, these algorithms are inappropriate for larger databases,
a typical scenario in computer vision tasks (e.g. learning a dictionary on millions of

small image patches). This issue is addressed by a recent online dictionary learning
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approach proposed in [21]. The algorithm, which is processing the training samples one
at a time (a mini-batch extension also exists), is based on stochastic approximation for

the dictionary update step and is outlined below.

Algorithm 1 Online dictionary learning [21]
1: Ag+0,Bg+ 0
2: fort=1to M do

3: Draw x;
4: Sparse coding:
1 2
a; = argmin 5”5‘% —D¢_1al3 + A|all1
a
5 Ai — A1 +aaf

B « B{_1+ il:tatT
Dictionary update:
repeat

for j =1to N do

1
J
1
dj — u;

max([[u; 2, 1)

end for
until convergence
8: end for
9: return Dy

2.3 Related work

A lot of research effort has been put on the application of CS theory in the field of image
and video processing, both for the tasks of reconstruction and classification/detection.
Based on our assumption for a system equipped with single-pixel cameras only, in the
following, we focus on recent works concerning on the use of the CS theory for video
classification.

In [22] a compressive classification framework that operates directly on the com-
pressive measurements without a reconstruction step is proposed. Building on the fact
that, under the condition that sufficient number of measurements is acquired, the ran-

dom measurement procedure preserves the essential structure of a smooth manifold
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and by extending the generalized maximum likelihood classification (GMLC) notion to
the compressed domain, the authors propose the smashed filter classifier a compres-
sive version of the traditional matched filter detector. Evaluation of the scheme was
realized under a controlled experiment of target classification, using a dataset of im-
ages depicting rotated around vertical axis versions of three vehicles. The single-scaled
smashed filter was later extended to a multiscale version in [23], where random samples
of regularized versions of each image were taken in various scales, in order to obtain
differentiable image appearance manifolds at this set of scales.

Classification of texture images under unknown viewpoint and illumination using
compressive sensing is presented in [24]. Each texture image is initially split in a number
of non-overlapping patches, named textons which are projected to a low-dimensional
space through the CS measurement model. The compressed textons extracted from the
training set are used to learn a codebook of K words with k-means clustering and each
texture image is assigned a signature based on a bag-of-words model: the compressed
textons are quantized using the learned codebook and a histogram of word relative
frequencies is computed for each image, forming its signature. A signature is formed
likewise for a query image which is finally classified using a nearest neighbor rule in the
x? distance meaning.

In [25] the use of classical dimensionality reduction embeddings in the compressed
domain is explored. The authors assume a network of vision sensors that capture
multiple compressed measurements of visual signals. The random measurements are
then projected onto a subspace defined by the embedding of a linear classification
subspace (learned on the training set through, PCA or LDA) in the compressed domain.
The new projections form the feature vectors used for the classification task performed
by a NN classifier.

Video sequences have been successfully modeled as linear dynamical systems (LDS).
In [26] the CS and LDS frameworks are unified by proposing a novel compressive mea-
surement strategy named CSLDS. Only the low-dimensional dynamic parameters form-
ing the state sequence are measured and after measurements are accumulated over time
at the decoder the static parameters (the observation matrix) are estimated. Among
other applications including dynamical texture reconstruction and hyper-spectral imag-
ing, the CSLDS framework is also applied to video classification of traffic density and
human activity sequences. The classification is performed directly on the estimated
LDS parameters, without any reconstruction of initial frames, using a NN classifier
and the Procrustes distance as distance metric.

Human activity video classification results are further improved by describing hu-
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man activities as a non-linear dynamical system in [27]. Distance matrices of differences
between successive frames are computed and interpreted as intensity texture images.
Thus, the problem of activity classification is translated to at texture recognition prob-
lem and the extraction of features is accomplished by a texture classification method
named local binary patterns (LBP). A simple NN classifier is again used as the decision
rule.

Discriminative nature of sparse representation is commonly exploited for the classifi-
cation task in computer vision problems. In the seminal work of [28] the face recognition
problem is reformulated as a sparse vector reconstruction problem. More specifically,
features extracted from a training set of face images of several subjects under various
illumination scenarios form a training dictionary. During runtime phase the feature of
a query image is expressed as a sparse linear combination of the training dictionary
entries by solving an ¢-1 minimization problem. Ideally the large non-zero coefficients
of the recovered sparse vector should correspond to dictionary entries belonging to a
specific class, which is the one assigned to the query image.

Sparse representations are used in the problem of patch-based texture classification
via texton learning in [29]. Initially, a sparse coding formulation is used to learn one
dictionary for each texture class and an overall texton dictionary D is formed by uniting
all class-specific dictionaries. For computational efficiency sparse codes are evaluated
over a small subset of elements of D, the closest to the patch to be encoded and an
image signature is formed by summing sparse representations of all patches belonging
to the same image. Classification is performed by an y2-NN classifier.

An image categorization approach via sparse coding is explored in [30], based on
SIFT sparse codes and a linear spatial pyramid matching (SPM) kernel. SIFT appear-
ance descriptors computed are sparsely coded on a learned dictionary, that is calculated
using the feature-sign search algorithm of [20]. The final image representation is com-
puted by max pooling of the SIFT sparse codes across different locations and over
different spatial scales, following a spatial pyramid structure. Spatial pyramid is pre-
ferred to a simple bag-of-features (BoF') approach since the first can better model the
spatial layout of descriptors in the image. The classification is accomplished by a train-
ing an SVM with a simple linear SPM kernel instead of the standard non-linear kernels,
like intersection or x? kernel, used in the majority of state-of-the-art approaches, thus
enabling better scalabitily of the proposed system.

The authors of [31] propose an algorithm for online unusual event detection in
videos. Based on the intuition that usual events are more likely to be reconstructible

from an event dictionary while unusual are not, sparse reconstruction codes and dic-
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tionary are inferred jointly, by minimizing an objective function measuring the abnor-
mality of events. The algorithm is completely unsupervised and dictionary is updated
in an online fashion, in order to cope with concept drift. Events having an abnormality

value higher than a predefined user threshold are considered unusual.
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Chapter 3

Frame-based compressive video

classification

Conventional approaches for video classification build on the availability of full resolu-
tion video data in order to extract meaningful features and form a suitable sequence
signature. However, under a typical resource-constraint sensing system scenario, such
systems are highly inefficient since strict power, processing, memory and bandwidth
limitations exist. In this chapter we introduce a simple compressive video classifica-
tion (CVC) architecture that works directly in the compressed domain. We consider
the futuristic scenario of a sensing system whose encoder is equipped with a single
pizel camera, as it is described in Section 2.2.0.1, that is able to estimate the correct
class without demanding the acquisition of video data in full resolution. Equally im-
portantly no reconstruction of the uncompressed video sequence is necessary, reducing
both the processing burden at the decoder and the required sampling rate and thus

saving transmission bandwidth.

3.1 CS-based video acquisition model

Let V = {x1,...,xr} be a video sequence consisting of R frames x;, j = 1,..., R,
where each frame is represented by its luminance component. For convenience, in the
following we consider that each frame is expressed as a column vector, x; € RY. Then,
a vector of compressed measurements g;, j = 1,..., R is generated for each frame
using a suitable measurement matrix ® (for simplicity we use the same matrix for each
frame) as follows,

g, = ®z;, (3.1)
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where ® € RM*¥ is a random measurement matrix with M < N.

Common choices for ® are random matrices with independent and identically dis-
tributed (i.i.d.) Gaussian or Bernoulli entries, whose columns are normalized to unit
fo-norm. In a decision system with limited resources, some additional requirements
should be posed on the choice of the desired matrix ®, such as the use of minimal
number of compressed measurements, and the fast and memory efficient computation
along with a “hardware-friendly” implementation. A class of matrices satisfying these
requirements, the so-called structurally random matrices, was introduced recently [12].
The block Walsh-Hadamard (BWHT) operator is a typical member of this family and
is used subsequently.

Notice that with the use of a single-pixel camera the generation of CS measurements
does not require the acquisition of frames at full resolution, thus reducing significantly
the processing and storage expenses of the sensing device.

In the framework of compressive video classification (CVC), we consider that the
given video sequence belongs to the class ¢, where ¢ € {1,...,C}. Following a su-
pervised learning approach, a set of training video samples is obtained for each class,
T.={V§,... ,Vgg}. For simplicity, we consider that the number of training samples Q
is equal for all the classes. Let also T = {T71,...,T¢} denote the overall set of training
samples. The CVC problem is stated as follows: Given a low-dimensional signature
of the acquired video sequence, a training dictionary D, and a measurement matric ®,

estimate the correct class ¢ € {1,...,C}.

3.2 Proposed CVC system

A typical classification system consists of two main phases, namely, a feature extraction
phase, where a more compact representation of the original information is generated
in a low-dimensional space, with the goal of preserving a high discriminative power,
and a classification phase, where the extracted feature vector of the given signal is
compared with the corresponding features of the training samples by means of a suitable
similarity criterion resulting in the estimated class. In the following sections, the main
characteristics of the two phases are introduced in detail for the proposed CVC system,
which is depicted in Fig. 3.1

3.2.1 Feature extraction

During the feature extraction phase, a set of CS measurements is generated for the

frames of each video sequence. More specifically, let us denote by xi, € RY the j-
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Figure 3.1: Proposed frame-based CVC architecture.

th frame of the ¢-th sequence belonging to class ¢. Then a low-dimensional (feature)
measurement vector g5 , € RM ig assigned to x§ , as given in (3.1). The overall signature

of the ¢-th sequence in class ¢ is given by,

Vor— 3,=1{97 4 9%} (3.2)

and by augmenting all the training signatures we get the overall signature for the

training set, ¥ = (J Fy and, finally, the following M x RQC overall training dictionary
Vq,c

D,

D = [gil, Y FTR ,gg,Q]. (3.3)

3.2.2 Classification phase

Following the feature extraction step, the classification phase is performed by means of
an appropriate decision rule. In the following, three decision criteria are employed: the
first two exploit directly the CS measurements forming the signature of the sequence,
while the third one is based on the solution of a convex optimization problem for the
recovery of a sparse class-indicator vector. It is noted that in the proposed scheme
each projected frame is classified separately and the estimated class is the one with
the highest frequency of appearance among the separately classified projected frames

of each sequence.

Nearest-Neighbor

The simplest decision rule for estimating the optimal class of compressed video frame
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Jquery is given by the nearest-neighbor (NN) criterion defined by

¢ = argmin | Gguery — 95403 - (3.4)
06{17"'70}7vij7c uery 4
In other words, the query measurement vector is assigned the class label of the closest

training measurement vector in a euclidean distance sense.

Support Vector Machine

Support vector machine (SVM) is a discriminative classifier, originally designed for
binary classification. It determines the hyperplane that linearly separates the training
data with the maximum possible margin. Given input training vectors g; € RM, i =
1,...,L and their associated labels y; € {—1,1} the optimal hyperplane is found by

solving the following quadratic maximization problem:

L L
1
méix E a; — 5 g yiaiyjajK(gi7gj) (3'5)
i1 i1=1

s.t. Zaiyi:O, 0<a; <C,i=1,...,L
i

where K(g;,9;) = <Z>(gi)T¢(gj) an appropriate kernel function, with ¢(g,) a function
that maps g, into a high dimensional space. The training samples associated to the
non-zero Lagrange multipliers a;, ¢ = 1,..., L are the support vectors and are the ones
falling on the margin.

A query video frame gy, is classified according to the discriminant function given
by

L
A Gguery) = W S (Gquery) 0= 09K (9> Gguery) +b- (3.6)

i=1
Various kernel functions K(g;,g;) have been used in order to estimate high dimen-
sional inner products. In our case, a simple linear kernel, defined as K(g,, gj) = g?gj,
is chosen. Additionally, the multi-class SVM version is used. More specifically, let
D = {gjq},j =1,...,R,g=1,...,Q,c=1,...,C denote the labeled training data.
A way to solve the problem of multi-class classification is to follow a one-against-one
approach, where an SVM is constructed for every pair of classes by training it to
discriminate them. The number of SVMs to be trained in this approach is equal to
C(C —1)/2. Let also (k, [) be a pair of classes and dj(-) the associated discriminant
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function (cf. (3.6)). Then, given the query feature vector g,,c,,, if di,( > 0

gquery)
a vote is assigned to the k-th class, otherwise the vote is given to the [-th class. The
process is repeated for each pair of classes and finally, the class with the mazimum

number of votes is assigned to the query g, ey, -

Sparse Representation Classification

Regarding the later category of classification methods, an alternative way to estimate
the class of the query video frame is obtained by reformulating the classification problem
as a problem of recovering an appropriate sparse vector. More specifically, a class-

indicator vector « is introduced, where
1 1 i i C c C
a=ag,...,05,...,0],...,00,...,a1,...,ag] €R Q

If the query video frame belongs to the i-th class, in the ideal case we expect that its
measurement vector g ., Will be similar to the corresponding training data of the i-th
class, or equivalently to the corresponding columns of the training dictionary D (cf.

(3.3)). Accordingly, the class-indicator vector has the following @Q-sparse structure
a=[0,...,0,ai,...,00,0,...,0] (3.7)

with the non-zero components corresponding to the ) indices of the i-th class. Thus,
the CVC problem is reduced to a problem of recovering the sparse support of a;, which

is expressed as the solution of a convex optimization problem as follows,

o = argmin [|af|1 , s.t.[|gguery — Dall2 <€ (3.8)
a€cRCQ

Numerous algorithms have been proposed to solve the optimization problems of (3.8)
after appropriate reformulations. These include linear programming methods ([9], [13])
as well as greedy methods from the class of matching pursuit algorithms ([14], [15]).
Motivated by its simple and fast implementation, the orthogonal matching pursuit

(OMP) algorithm is used in our case.
Notice that in practice, especially in noisy conditions, the recovered class-indicator
vector is not exactly Q-sparse. In this case, an additional step is applied to obtain the

final class estimate by enforcing the Q-sparsity of a* as follows,

¢t = argmin nguery - Déc(a*)H? ) (39)

c=1,...,
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where d.(a) denotes the block-Kronecker operator, which sets to zero all the compo-

nents of a except for these corresponding to the @) indices of the c-th class.
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Chapter 4

Block-based compressive video
classification using dictionary
learning and spatio-temporal

pyramid matching

In this chapter a more sophisticated compressive video classification system is intro-
duced that takes into consideration the limitations of a resource-constraint sensing
system scenario and is directly applied in the compressed domain. Under the assump-
tion of a video classification system equipped with a single-pixel camera, each video
frame is acquired compressively in a block-basis. An appropriate signature is computed
through sparse coding of compressively sampled blocks on a trained dictionary, in con-
junction with a pooling function applied in spatio-temporal video cubes. The system
is able to estimate the correct class demanding neither the acquisition of full resolution
video data nor the reconstruction of the uncompressed video sequences, reducing both
the processing burden at the decoder and the required sampling rate and thus saving

transmission bandwidth.

4.1 Block-based CS video acquisition model

Block-based image/video processing is a commonly adopted philosophy alleviating large
computational and memory burdens imposed on an imaging system in case of processing
the image/frame in its entirety. Under the single-pixel camera scenario, sampling in

blocks enables substantial reduction to the memory requirements for storing the random
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measurement operator.

A key parameter in block-based classification tasks is the size of the block. Blocks of
too small size cannot capture the large-scale structures that may be dominant features
of video appearance and are highly sensitive to noise, while blocks of large dimen-
sionality lead to the presence of irrelevant and noisy features that can deteriorate the
performance of the classifier.

Let V = {x1,...,xr} be a video sequence consisting of R frames, where each
frame is represented by its luminance component. Each frame is divided into B non-
overlapping blocks of size \/Np x /N pixels and acquired using an appropriately sized
measurement matrix. Suppose that a:é € RVB ig a vector representing, in raster-scan
fashion, the i-th block of j-th input frame. A vector of random measurements g§ € RMs
is then generated for each block ar:; using an appropriate measurement matrix ® g (the
same for each block for simplicity reasons) according to the following block compressive
sensing (BCS) model,

gé- = <I>B:I:§-. (4.1)

where ® g is a Mp x Np random measurement matrix with Mg < Np. It is straightfor-
ward to see that (4.1) applied block-by-block to a frame is equivalent to a block-diagonal

total frame measurement matrix ®,

b O 0
0 & --- 0

= . . . (4.2)
0 0 Pp

resulting in a total of M = BMp measurements per frame and a total sampling rate

M o BMB o MB . . .
of ¥y = % e = Ne- We note that a single-pixel camera system can easily accommo-

date BCS acquisition by simply driving the micro-mirror array with the block-diagonal

matrix ®.

4.2 Proposed CVC system

Typically, a classification system is implemented in two distinct phases, namely the
training phase where an appropriate signature is computed for each video sequence
of the training set with the goal of preserving high discriminative power and a run-
time/classification phase where the extracted feature vector of a query sequence is

compared to the corresponding features extracted from the training set by means of an
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appropriate similarity criterion resulting in the estimated class. In the following, the

aforementioned phases for the proposed CVC system are described in detail.

4.2.1 Feature extraction phase

Feature extraction phase consists of three distinct steps: i) acquisition of random mea-
surements of training sequences according to the BCS sampling model, ii) dictionary
learning and sparse coding (SC) of the compressively sampled blocks and iii) video
signature computation by pooling block sparse codes across different spatio-temporal
locations and over different scales, following a spatio-temporal pyramid video decom-

position.

4.2.1.1 Random BCS measurements

During the training phase a set of CS measurements is generated for each video sequence
following the BCS acquisition model described in the previous section. More specifically,
let us denote by x§ , € RYB the rasterized j-th block with size /N x /Np pixels of
the ¢-th sequence belonging to class c¢. Then a low-dimensional vector g5, € RMpX1 jg
assigned to x , as given by (4.1). As a result the g-th sequence of class ¢ is mapped to

a set of measurement vectors as follows

V((;:l — Sg = {giqv o 7chR,q} (43)

By augmenting the measurement vectors of all training sequences, we get the following
overall set of compressed frame blocks

crc=1,...,C
§ = {scy=iC. (4.4)

4.2.1.2 Block-based dictionary learning and sparse coding

Research in image statistics clearly reveals that image/video blocks (also found in bib-
liography as patches) are sparse signals. Apart from that, sparsity in general allows the
representation to be specialized and capture salient properties of image/video blocks,
in others words be of discriminative nature. During the second step of the training
phase a sparse vector is assigned to each compressed training block by solving a joint
dictionary leaning and sparse coding problem.

Let us denote by S = [si,...,sz] a matrix with all the L elements of § as its
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columns. Then the problem of sparse coding is formulated as follows:

L

1 1
min — Z|ls; — Da;l|? + M|a; 4.5
D7{a'i}iL:1 L ’Lz; 2” ¢ 1H2 H lHl ( )

where D is an overcomplete dictionary of size Mp x K (with Mp < K), X is a regular-
ization parameter and a; € R¥, i = 1,..., L the assigned sparse codes.

The above problem is normally solved through an alternating iterative process. At
each stage of one iteration, firstly the sparse codes a; are updated by solving an /-1
minimization problem, while D is kept constant. Next, D is updated by keeping a;
fixed.

Common learning algorithms process the training database in batch-mode, access-
ing the whole dataset at each iteration. Although effective in case of moderate-sized
training sets, these algorithms are inappropriate for larger databases, a typical scenario
in the case of a large number of compressed patches. This issue is addressed by a recent
online dictionary learning approach proposed in [21], which is processing the training
samples one at a time and uses a stochastic approximation for the dictionary update
step.

Since a sparse code is retained for each compressed block, at the end of this step

each video sequence is assigned a set of sparse codes Ag = [a‘iq, e ,a]°3R7q].

4.2.1.3 Spatio-temporal pyramid representation

For each training video sequence described by a set of compressed blocks, it is possible to
compute a single feature vector based on some statistics of the sparse codes computed
in the previous step. This is commonly accomplished by the use of an appropriate
pooling function. Pooling is used to achieve invariance to image transformations, more
compact representations and better robustness to noise.

Assuming a set of descriptors U = [uq,...,un], common choices for a pooling
function z = F(U) are:

e average pooling
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e maz absolute pooling

zj = max{|uyjl, .- [unrgl}, (4.7)
where z; is the j-th element of z and w; ; is the j-th element of the i-th descriptor.

In our case, since the descriptors to be pooled are sparse, the max pooling function
is preferred. This is well established by biophysical evidence in the visual cortex [32]
and is verified both theoretically [33] and empirically [30].

Pooling can be accomplished according to the simple bag-of-features (BoF') approach
where all local descriptors are pooled in an unordered fashion. However, in this way the
spatio-temporal order of the descriptors is discarded, which limits the discriminative
power of the representation. In order to overcome this problem a spatio-temporal
pyramid representation is used in the following. Informally, the sequence’s spatio-
temporal layout of compressed blocks is kept by applying a pooling function in various
partitions of different levels of the video sequence and concatenating the results in a
single vector.

More specifically, assume the g-th video sequence of class ¢ partitioned into sub-
volumes in spatial and temporal space over L different levels. At each level [ (I €
[0,...,L —1]) there exist 2! subvolumes in each dimension. Block sparse codes of each
subvolume (z,y,t), 0 < z,y,t < 2! —1 are pooled in a vector zg’l(m, y,t) and the results
across all spatio-temporal locations and over all scales are concatenated into a single
vector zg that is normalized, forming the final video sequence signature. The procedure
is illustrated in Fig. 4.1.

4.2.2 Classification phase

A query sequence Vgyery that is given as input to the proposed CVC system, due to
the assumption that it is acquired directly by a single-pixel camera following the BCS
acquisition model, is described initially by a set of BR random block-based compressive
measurements, where B is the number of blocks per frame and R the number of frames

per sequence, according to the following mapping

unery — SqueTy = {gl,querya s ’gBR,query} (48)

Then, the sparse code of each compressed block g; gyepy I Squery 18 computed on
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Figure 4.1: Spatio-temporal Pyramid Representation for L = 3 levels

the trained dictionary D by solving the following ¢-1 minimization problem

—Dal| <e¢ (4.9)

Qquery = argmin ||al); s.t. Hgiyquery
a

resulting in a set of sparse codes Agyery = (@1 guery; - - - » @BR,query] for the query video.

Then, the sparse codes are pooled according to the spatio-temporal pyramid repre-
sentation described in the previous section and the classification of the query sequence
is done by means of an appropriate decision rule. In our case a support vector ma-
chine (SVM) classifier is used to discriminate between the classes of the classification

problem.

Assuming that the training set is described by {(z;,v:)}~ |, where z;,i=1,...,L
are the training signatures and y; the corresponding labels, for a binary classification
problem (where y; € {—1,4+1}), an SVM aims to learn the optimal hyperplane sepa-

rating the data of the two classes by solving the following maximization problem

L L

1

max E 1 ai = 5 '15 1yiaiyjajK(z,-, zj) (4.10)
= i,1=

s.t. Z%‘%ZO, 0<a; <C,i=1,...,L
i

The kernel K(z;,z;) can be in general any valid Mercer kernel function. Here, we
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Figure 4.2: Proposed block-based CVC.

use a simple linear spatio-temporal pyramid matching kernel

L—-12t—12t—12!—1

K(zizj) =z zi=Y»_ > > Y (z(x,y,t)2(x,y,1)), (4.11)

=0 =0 y=0 t=0

where (2;,2;) = 2! z; and zl(x,y, ) is the vector of pooled sparse codes in the (z,y, t)-
th subvolume of the sequence at scale [. Although linear, this kernel has been shown
to achieve high classification accuracy when applied directly to sparse representations,
by maintaining a low training and testing cost [30].

Since the video sequences in general come from C > 2 classes, a multi-class SVM
classification problem should be solved. The approach used is the one-against-one
strategy, where an SVM is constructed for every pair of classes. The number of SVMs
to be trained in this approach is equal to C(C —1)/2. Let also (k, ) be a pair of classes
and dy,;(-) the associated discriminant function. Then, given the query signature zgyery,
if dy 1(Zquery) > 0 a vote is assigned to the k-th class, otherwise the vote is given to the
[-th class. The process is repeated for each pair of classes and finally, the class with
the maximum number of votes is assigned to the query zguery-

The proposed system is summarized in the block diagram of Fig. 4.2.
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Chapter 5
Experimental evaluation

In this chapter the proposed compressive video classification systems are evaluated in
terms of classification accuracy. In particular, our database consists of 8 classes from the
UCF50 dataset, namely “Baseball Pitch”, “Bench Press”, “Biking”, “Breast Stroke”,
“Clean and Jerk”, “Diving”, “Drumming” and “Fencing”. This dataset includes videos
categorized in classes corresponding to different actions and is particularly challenging
due to large variations in camera motion, object appearance and pose, as well as the
illumination conditions. Each class consists of 50 video sequences with 100 frames per
sequence. A preprocessing step is applied on each frame, by converting into grayscale
and downsampling at 128 x 128 pixels. The classification accuracy is expressed in terms
of the average success rate, which is defined by
number of correctly classified sequences

success rate = . (5.1)
total number of query sequences

5.1 Frame-based CVC performance

In the case of the frame-based CVC presented in Chapter 2, a distinct block Walsh-
Hadamard measurement matrix @ is used in each run while the sampling ratio M /N
varies in [0.001,0.10]. For each class we execute 20 Monte-Carlo runs, where in each
run a different separation of the 50 videos in T training and 50 — T" testing samples is
generated, with 7" € {10,25,40}. The overall success rate averaged over the 20 Monte-
Carlo runs and the 8 classes, as a function of the sampling ratio M /N is depicted in
Fig. 5.1. Moreover, three classification methods are compared, namely the NN, the
multi-class SVM and the SRC using the OMP.
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As it is expected, the classification accuracy increases as the sampling ratio M /N
and the number of training samples increases. In addition, we observe that the perfor-
mance of the pairwise voting approach employed by the multi-class SVM is superior
to the other two classification methods, followed by the SRC approach while the NN
classifier that applies the most simplistic decision metric appears to be the most prone
to misclassification errors. More specifically, for the case of 40 training samples the
maximum accuracy for M/N = 10% is around 63% for the NN classifier and 69% and
74% for the case of the SRC and SVM respectively.

Furthermore, the confusion matrices between the 8 classes by fixing M/N = 10%
for the case of linear SVM, SRC and NN are shown in Table 5.1, Table 5.2 and Table 5.3

respectively.

Table 5.1: Confusion matrix for the SVM method with M /N = 10% and 40 training

samples.

~

S N S SR

$ s & & & s & §

Y Y QR 9 LR S

Baseball pitch|| 0.75 0 0.12 0.04 0.06 0.02 0.01 0
Bench press 0 0.79 0.08 0.04 0.03 0.04 0 0.02
Biking 0.09 0 0.75 0.07 0.06 0 003 o0.01

Breast stroke 0 0.08 0.06 0.76 0.06 0.04 0 0

Clean and jerk| 0.02 0.03 0.04 0.09 0.78 0 0.04 0
Diving 0 0.02 0.14 0.02 0.08 073 0 0.01
Drumming 0.01 0.01 0 0.09 0.03 0.01 0.76 0.06
Fencing 0.05 0.05 0.12 0.04 0.08 0.01 0.02 0.63
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Table 5.2: Confusion matrix for the SRC method with M/N = 10% and 40 training

samples.

S o ¥
. & Q)
g &g) & > &
"?\, < ) \fo @Q ) '§ ,Qéo
& & S0 & & S$ & &
§ o FE S S &
8 8 QR O QR R,
Baseball pitch| 0.67 0 0.15 0.08 0.06 0.01 0.03 0
Bench press 0 0.75 0.09 0.04 0.03 0.04 0 0.05
Biking 0.07 0.01 0.69 0.08 0.08 0 0.07 0
Breast stroke 0 0.09 0.12 0.71 0.05 0.02 0 0.01
Clean and jerk| 0.05 0.04 0.05 0.08 0.72 0 0.06 0
Diving 0.03 0 0.14 0.08 0.03 0.66 0.02 0.04
Drumming 0.02 0.04 0 0.10 0.05 0.01 0.69 0.09
Fencing 0.08 0.05 0.12 0.05 0.07 0 0.02 0.61

Table 5.3: Confusion matrix for the NN method with M/N = 10% and 40 training

samples.

*,
5 ) 5
§ 3 § < &
¥ > % N v S § $°
S & S0 0% S % & S
& s & £ & &S
S ) S O SN &

Baseball pitch| 0.66 0.02 0.15 0.04 0.06 0.02 0.04 0.01
Bench press 0.01 0.64 0.09 0.07 0.09 0.05 0 0.05

Biking 0.08 0 066 0.08 0.10 0.02 0.06 0
Breast stroke | 0.05 0.10 0.06 0.65 0.08 0.02 0 0.04
Clean and jerk 0 0.06 0.15 0.05 0.69 0 0.04 0.01

Diving 0.03 0.05 0.10 0.07 0.08 0.62 0.02 0.03

Drumming 0.05 0.08 0 0.12 0.03 0.05 0.60 0.07

Fencing 0.01 0.02 0.12 0.10 0.07 0.05 0.05 0.58

31



5.2 Block-based CVC performance

In the following the proposed block-based CVC presented in Chapter 3 is evaluated. A
distinct block Walsh-Hadamard measurement matrix ® is used in each run while the
sampling ratio Mp/Np varies in [0.008,0.10] and accordingly the total measurement
rate M /N varies in the same interval. For each class we execute 20 Monte-Carlo runs,
where in each run a different separation of the 50 videos in 7" training and 50—T" testing
samples is generated, with 7' € {25,40}. More specifically, we investigate the effect of
four parameters on the success rate, namely: i) the number K of dictionary atoms, ii)
the size Np of the block, iii) the number L of the levels of the spatiotemporal pyramid
and iv) the pooling function. During the sparse coding phase of the dictionary learning
step the OMP algorithm is used. The sparsity level (number of non-zero coefficients)

is fixed to 20 which yields empirically good results.

25 training samples 40 training samples

0.9r 0.9
0.8¢
0.87
@ 0.7r Q
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8 05 S 0.6
> 3 .
a 2]
0.4+ —e—K=250 |1 ——K=250
ol ——K=500 || 0.5 ——K=500
’ —e—K=1000 —e—K=1000
0.2 . . . . 0.4 . . . .
0 0.02 0.04 0.06 0.08 0.1 0 0.02 0.04 0.06 0.08 0.1
Sampling Rate (M/N) Sampling Rate (M/N)

(a) (b)

Figure 5.2: Total mean success rate as a function of the sampling rate, for 8 classes,
block size 16 x 16 pixels, L = 2 spatiotemporal pyramid levels, max absolute pooling
and 3 different sizes of dictionary K = {250,500, 1000}.

In Fig. 5.2 is depicted the overall success rate averaged over 20 Monte-Carlo runs
for the 8 classes as a function of the sampling ratio M /N for a block size of 16 x 16
pixels, L = 2 spatiotemporal pyramid levels, max absolute pooling and 3 different sizes
of dictionary K = {250,500,1000}. As it is expected the success rate increases as
the sampling rate M /N and the number of training samples increases. As regards the
dictionary size we observe that the discriminant power of the algorithm increases with
the increase of the number of atoms. Specifically, for a dictionary with K = 1000 atoms

the success rate is 72% for 25 training samples and 81.2% for 40 training samples.
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Table 5.4: Total mean success rate for different block sizes and different number of
atoms K for L = 2 pyramid levels, sampling rate M/N = 0.1 for (a) 25 and (b) 40

training samples

(a)

(b)

Block size Block size
K {16 x 16(32 x 32 K {16 x 16(32 x 32
250 || 68.4% | 62.4% 250 || 76.1% | 61.2%
500 || 71.0% | 64.3% 500 || 78.4% | 66.5%
1000 72.0% | 65.9% 1000 81.2% | 70.4%

In Table 5.4 the total mean success rate for 2 different block sizes, namely 16 x 16
and 32 x 32 pixels and 3 dictionary sizes K = {250, 500, 1000} is illustrated. We observe
that for a smaller block size a higher success rate is achieved for all dictionary sizes
compared to a larger one. A smaller size of block can therefore omit irrelevant and

noisy information.

Table 5.5: Total mean success rate for different pyramid levels and different number of
atoms K for block size 16 x 16, sampling rate M /N = 0.1 for (a) 25 and (b) 40 training

samples

(a)

(b)

Pyramid levels Pyramid levels
K|L=1 L=2 K|L=1] L=2
250 ||57.7%| 68.4% 250 |162.3%| 76.1%
500 (162.1%| 71.0% 500 ||70.3%| 78.4%
1000(65.5%| 72.0%  1000|[72.3%| 81.2%

In Table 5.5 the effect of pyramid levels L is investigated. It is shown that the in-
crease in pyramid levels of the spatio-temporal pyramid representation better preserves
the layout of the descriptors, increasing the accuracy of the system.

In Table 5.6 the use of average and max absolute pooling is compared. It is obvious
that max pooling produces better performance in all cases. Specifically, there is a dif-
ference of about 3-4% between the two pooling approaches. The increased performance
of max pooling can be attributed to its robustness to local spatio-temporal variations

and is consistent with the results in [30].
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Table 5.6: Total mean success rate using different pooling methods for block size 16 x 16
and sampling rate M /N = 0.1.
H K ‘25 training samples‘élo training samples

250 68.4% 76.1%
Max Pooling|| 500 71.0% 78.4%
1000 72.0% 81.2%
250 64.2% 72.3%
Avg. Pooling|| 500 66.3% 75.2%
1000 68.1% 76.4%

5.3 Comparative evaluation

In this section we intend to compare the proposed methods with the method in [27] by
means of total mean success rate. The non-thresholded recurrence textures computed
from the first derivative of frame measurements are fed to the local binary patterns
(LBP) algorithm. Several configurations were tested by varying the number of binary
patterns, showing that a normalized histogram of 38 binary patterns was sufficient to
represent each sequence (as in [27]). In order to improve the performance of the original

scheme we use an SVM classifier with a x? kernel,

N (k) — s (k)2
Klanay) = 1- 3 @) = 2(k) 52)

which is commonly prefered in case of histogram matching, instead of the simple
nearest-neighbor used in the original study in [27].

The performance of both proposed systems is superior to that of [27] across all
sampling rates as it is shown in Fig. 5.3, noted as “recurrence textures” in the figure
legend. The performance is degraded because of the fact that the method in [27]
assumes a static background for the video sequences, so that the features are mainly
sensitive to the movement of the scene. However, in the dataset used the background
includes useful information that can be of discriminative value for the classification
procedure.

As a second comparative evaluation we are interested in comparison with a video
classification method exploiting the full resolution video data, in order to illustrate
the efficiency of the proposed method. For this, we extract the histogram of oriented
gradients (HOG) and histogram of optical flow (HOF) accumulated in space-time neigh-

borhoods of interest points as described in [8]. In particular, we use dense sampling to
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Figure 5.3: Total mean success rate as a function of the sampling rate, for 8 classes,
and different compressive approaches for (a) 25 training and (b) 40 training samples.

extract video blocks in regular positions and scales in space and time, so there are five
dimensions to sample from: (z,y,t,0,7), where o and 7 are the spatial and temporal
scale, respectively. The minimum size of a 3D block is 18 x 18 and there is a 50%
overlap in spatial and temporal sampling, as proposed in [34]. Each video block is
subdivided into an n; x n, x n; grid of cells. For each cell, a 4-bin HOG and a 5-bin
HOF are computed and the results are concatenated in a single feature vector. We use
the original grid parameters n, = n, = 3 and n; = 2 and the implementation available
online .

Then, we use a bag of local spatio-temporal features to represent each sequence.
k-means clustering is used for creating a visual vocabulary that is used for quantizing
the features. At the end, each sequence is represented by a frequency histogram over
the visual words. We choose to train a vocabulary of K = 1000 visual words using only
a subset of 100,000 randomly selected training features in order to reduce complexity.
The features are assigned to the closest in the Euclidean distance sense visual word

and, finally, a non-linear SVM with y2-kernel is used for the classification phase.

"http://lear.inrialpes.fr/software
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Table 5.7: Total mean success rate for different methods and different number of

training samples. For the case of compressive video classification the sampling rate
is M /N = 0.1, the block size is 16 x 16 and the size of the dictionary is K = 1000.

25 training samples

40 training samples

Frame-based
Block-based
HOG/HOF

62.3%
72.0%
77.2%

73.8%
81.2%
84.9%

In Table 5.7 the performance of the compressive video classification systems and the

classification based on HOG/HOF descriptors is illustrated. The total mean success
rate for the HOG/HOF features that are extracted from the full-resolution data are

able to better represent the video sequences, so the mean success rate in this case

is increased by around 4-5%. However, the slight degradation in performance of the

compressive classification schemes is acceptable based on the fact that only the 10% of

the initial data size is used, proving their efficiency.
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Chapter 6

Conclusions and Future work

In this thesis, two compressive video classification methods were introduced. More
specifically, the design of both proposed CVC systems is primarily based on the as-
sumption of limited resources, where the video data are captured directly in the CS
domain using a single pixel camera.

In the first system a supervised learning approach is followed, where each column
of the training dictionary is formed by the CS measurement vectors over all the frames
of a given training video sequence. Finally, the estimated class is obtained by means
of typical classification methods, namely, the NN and the multi-class SVM. An alter-
native way is also tested, where the classification problem is reduced to a problem of
reconstructing a sparse class-indicator vector as the solution of a convex optimization
problem.

In the second system a spatio-temporal pyramid matching approach is proposed.
The frames of the sequence are initially sampled according to the block-based compres-
sive sampling scheme and their sparse codes are computed following an unsupervised
dictionary learning approach. The estimated class is obtained by means of a multi-class
SVM with a spatio-temporal pyramid kernel.

The experimental results revealed that the classification performance is robust to
the number of samples captured, even at very low sampling rates at the order of 2%,
significantly smaller than the rates required for solving the problem of sparse recon-
struction. Apart from that, the block-based approach showed an increased performance
compared to the simple frame-based for the expense of increased complexity, mainly
due to the dictionary learning step.

As future work, it would be useful to incorporate the color information in the

generation of the CS features that could increase the classification margin. Under a
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single-pixel camera (SPC) assumption this could be possible by adding a color-rotating
filter in the typical SPC architecture, as described in [35]. Additionally, the use of a
classification-oriented dictionary should be investigated in the case of the block-based
CVC, by either enforcing directly the dictionary to be discriminative, or by making the
sparse coefficients discriminative. Recent works [36, 37] reveal that the incorporation
of class label information in the dictionary training phase can offer a boost to the

performance of the classification scheme compared to a simple representative dictionary.
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