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Abstract

Artificial neural networks are inspiring many state-of-the-art solutions to the prob-
lems in computer vision and machine learning. Generative modeling has gained pop-
ularity recently for their unsupervised nature. Although neural networks are taking
lead in all sort of machine learning problems, the theory of the neural networks does
not provide sufficient understanding for their success. They produce competitive re-
sults provided that the domain expertise and network knowledge are put together and
formally device a predictive learning system for a particular problem. This thesis ar-
ticulates various strategies to use generative modeling as a tool for predictive leaning.
Some of the many problems which can efficiently and effectively make use of predictive
learning are discussed in detail in this thesis are background subtraction and foreground
segmentation in videos, speech recognition using a real memristor profile as a synapse
in neural network and a vehicle license plate detection system using state-of-the-art
region based convolutional neural networks. The concepts discussed are not limited to

the discussed datasets.
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Chapter 1

Introduction

“It has been suggested that the term learning defies precise definition because it is put
to multiple uses. Learning is used to refer to (1) the acquisition and mastery of what
is already known about something, (2) the extension and clarification of meaning of
one’s experience, or (3) an organized, intentional process of testing ideas relevant to
problems. In other words, it is used to describe a product, a process, or a function.”

-—From Learning How to Learn: Applied Theory for Adults by R.M. Smith

The definition of learning has significant importance as humans cross-reference the
abilities of artificial intelligence with this. The capacity to learn by an artificial system
is tested primarily on terms defined by R.M. Smith in a quotation above. The artificial
system, whether it be in the hardware or software, is there, to help humans with their
ongoing tasks. It may be, something basic like a dumb robot to a delicate task like
an intelligent companion. The tasks may be repetitive in nature or demand ambitions.
Learning process usually initiates with observation, and the artificial intelligence can
emulate the process using generative modeling. Knowledge is a result formed out of
the observations which are worked out as a predictive learning process.

Humans through the ages have always been inspired by nature and have tried to
emulate the principles and mechanics revealed by it. Artificial intelligence researchers

have been inspired by the workings of the brains as the main component of human in-
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telligence. The brains physiology has been known for over a century, but the structure
of learning processes in the brain has been discovered very recently in the last 40-50
years. It is debatable to claim if state-of-the-art neural networks simulate the processes
of a brain, but most of the scientists agree that the artificial neural networks somehow
emulate the neuronal models in the brain. Human beings possess key instincts obser-
vation and relating the observations, which can be articulated as generative modeling
and using it for predictive learning.

Learning, in general, is a process of acquiring knowledge which is represented by
various permutations of observations, and the representation can be assessed in a hier-
archal process. The components may vary from handcrafted features to the automated
learning processes in machine learning. In specific, neural networks are simple in struc-
ture and the hierarchies are designed with similar components called neurons (nodes)
and the two stages in the hierarchy are connected with edges (synapses). The neurons
are the decision makers while the synapses are the impact of that decision and the
whole network learns what impact a decision maker should assert on the final deci-
sion. Although there is no conclusive theoretical evidence why deep learning performs
state-of-the-art, the speculations are the brain like hierarchal nature of the system
breaks down the complex problems in machine learning into basic elements and use
the permutations of basic elements for the defined task. So, the state-of-the-art relies
on experimentation and considering the fact that there is no free lunch, some experi-
ments work well with certain problems while other behave well in a different problem.

Hence there is always a need to workout a viable solution to a specific problem using



artificial neural networks.

1.1 Contribution of this thesis

The most significant research contribution of this thesis is the use of neural networks
for generative modeling and predictive learning. The three data sets and the respective

neural networks used are discussed in this thesis as follows:

1. Background subtraction is an image segmentation problem and this thesis presents

a novel technique of using Restricted Boltzmann Machine (RBM) to solve it.

2. Speech recognition with neuromorphic devices is a challenging problem due to
the limitation of computation resources. In this thesis, a hybrid neuromorphic

system is discussed which uses memristor as a synapse [72].

3. Vehicle license plate detection is a common problem in computer vision and this
thesis details a region generation technique to detect vehicle license plates in

images and videos [74].

1.2 Summary of remaining chapters

Chapter °: .This chapter gives the ba-
sic information about predictive learning and generative modeling. The chapter also
contains an introduction to Restricted Boltzmann Machine (RBM) and its variant
Gaussian-Bernoulli Restricted Boltzmann Machines (GRBM). GRBM is different from

the Restricted Boltzmann Machine (RBM) by using real numbers as inputs, resulting



in a constrained Mixture of Gaussians (MoG), which is one of the most widely used
techniques to solve problems with real value inputs.

Chapter 5: . This chapter presents an introduction to the
background subtraction problem and the proposed solution using ANN. The back-
ground subtraction is an important technique in computer vision which segments mov-
ing objects in video sequences by comparing each new frame with a learned background
model. The background subtraction method is explored using GRBM. A simple tech-
nique to reconstruct the learned background model from a given input frame and to
extract the foreground from the background using the variance learned for each pixel
is detailed in this chapter. Furthermore, the detailed results are also included in the
end of this chapter.

Chapter /: . This chapter details the archi-
tecture of a multilayer neural network, equipped with weight values represented by
two memristors synapses, for speech recognition. The discussed neuromorphic neural
network is a hybrid system which uses a Gaussian-Bernoulli Restricted Boltzmann
Machine (GRBM) to transform the speech data in to sparse encoded binary data.
The sparse data is used to train a Restricted Boltzmann Machine (RBM), and a two
PCMO RRAM memristors synapse is used as a connection between the two layers of
the RBM. The simulations are performed with the real memristor’s behavioral data, for
potentiation and depotentiation, to adjust learn-able parameters of the neuromorphic
RBM.

Chapter : . This chapter presents vehicle license



plate (LP) detection problem and includes a new approach to solving this problem by
treating the vehicle LP as an object. The primary focus of this chapter is to address
following tasks associated with LP detection challenge: 1) LP detection in every single
frame of a video sequence, 2) detection of partial LPs and 3) detection of LPs with
moving cameras and moving vehicles. The state-of-the-art object detection techniques
including convolutional neural networks with region proposal (RCNN), its successors
(Fast-RCNN and Faster-RCNN) and the exemplar-SVM are used in this work to pro-
vide solutions to the problem.

Chapter 0: . This chapter details a brief summary of the work presented

in this thesis and discuss some possible future directions of research in this area.



Chapter 2
Generative modeling and predictive learn-

ing

2.1 Generative modeling

Intelligence is a context-aware phenomenon where observation plays a key role.
There are many factors and hierarchies of observations, for example in a visual ex-
perience one observes the color, brightness, objects, positions, and so on in the scene.
Similarly, in a hearing experience, one observes pitch, loudness, expression, tone, and so
on. The factors or features, if we write in ordinary machine learning term, have global
and local importance. One should be able to distinguish them well and by distinguish
means knowing something in advance by having a representation of the features. It
is a phenomenon of observing and recalling. Recalling is a somewhat close definition
of regenerating something. Hence, generative modeling is a process of regenerating
something which is observed earlier.

Generative modeling plays a vital role in modern machine learning techniques where
we need observations independently. In layman terms, generative modeling tries to learn
the true representation of the given data. Formally stated, if we have a distribution
P(X,y) , where X is the observed data and y is the target or label, then the generative

modeling learn the P’ which is close to the true distribution. An example of comparing
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the two distributions is KL-divergence K[P||P’] and it is solved to minimizing the

following cross-entropy:

—E,eplogP(z) (2.1)

There are many generative modeling techniques available in literature such as Gaus-
sian mixture models, Hidden Markov Models (HMM), average one-depend estimation,
RBM, GAN and so on. RBM and GAN are widely used in recent state-of-the-art using
neural networks. RBM is used in this thesis with various datasets and is detailed in

this chapter.

2.2 Predictive learning

Human beings expedite on the recalled observations and make decisions, and we call
recalling as future and decision as a prediction. Predictive learning in machine learning
is a similar phenomenon which predicts future extracting the information from events
or stream of events from an environment.

Predictive learning a is adapted from neuroscience and is a key inspiration of an
intelligent platform named as hierarchical temporal memories (HTM) [12]. Tt relates
the artificial intelligence techniques mapping it on the human brain and the neuronal
structures. The future is extracted from the different structures of neuronal patterns

and their actions on events.



2.3 Restricted Boltzmann Machines

RBM [33] is a restricted version of the Boltzmann machine (BM), which is a special
type of log-linear Markov Random Field (MRF), where hidden variables are introduced
in addition to observed (visible) parameters to infer after learning from the training set.
The restriction added to BM to form RBM is not to have visible-visible and hidden-
hidden connections between neurons in the same layers, as depicted in Fig.
Visible layer neurons represent the observed data while hidden neurons are the repre-
sentations to be learned from observed data. The energy function for a given state of

RBM is defined [17] as:

M |h| vl [h]

E(V,h) = —Zaﬂ]i - ijhj - szih]‘wij, (22)
i=1 j=1

i=1 j=1

where v and h are the vectors of the visible and hidden neurons, with their com-
ponents v; and h; representing the binary states of the visible neuron ¢ and the hidden
neuron j, respectively, a;, and b; are corresponding biases, while w;; is the weight of the
arc connecting v; and h; as shown in Fig. . |x| is the number of components of
the vector x. The concept of the free energy function is borrowed from physics, which
is the internal energy of the system minus the amount of energy that cannot be used
to perform work. The free energy function of this system for a given visible (input)

vector is defined as [10]:

vl |h|

F(v)=- Z a;v; — Z log Z i by T viwsy), (2.3)
i=1

j=1 hje{0,1}



Wll (I [ ] (I Wln
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Figure 2.1: (a) A simple RBM with m visible and n hidden neurons (b) weight matrix

with m rows and n columns — 9



Therefore, the probability assigned by the energy function to each pair of visible

and hidden vectors can be given by:

e—E(v,h)

Sone

The marginal probability of the visible vector v can then be computed by summing

p(v,h) = (2.4)

all possible hidden vectors as follows:

Zh e—E(V,h)
p(V) = Z he—E(v,h) ’

(2.5)
Weights and biases are learned through the gradient descent which reduces the

energy of the network for a given example. This is equivalent to maximizing the log of

the probability of a training vector with respect to weight and biases, given as follows:

0 log p(v
sz;() = (Vily)data — (Vilj)modet; 20
0log p(v
5g—£(> - <Ui>data - <Ui>modela (27)
1
dlogp(v) _ (hj)data = (Pj)model- 28)
ob;

Here (f); is the expectation of the function f with respect to variable {. Hence,
(Vi) data and (V1) moder denote the results derived from the free energy function with

respect to the given(training) data and the learned model of the network'. Thus, a

!The detailed derivations can be found in [56][90]
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simple learning rule is gradient of the log probability of the training data [11] as follows:

Awij = €w<<vihj>data — <U1h >model> (29)
Aai - 6a(<vi>data - <Ui>model)> (210)
Ab; = ,((hj)data — () modet), (2.11)

where €,, €, and ¢, are the learning rates corresponding to weights w and biases
a and b, respectively. It is easy to obtain a sample of the data because there is no
intra-layer connection which is the probability of a hidden neuron, given an example

from the data and vice versa, is given by :

p(hv) = [ p(hslv), (2.12)
j€h

p(vih) = Hp (v;]h). (2.13)
1EV

With v; and h; of binary valued neurons with the free energy given by (2.) and the
conditional probabilities that each state of the visible and hidden neurons is 1 given

by the model of biological neuron response are [10]:

v |h|

— Z a;v; — Z log(1+ b+ viwis)) (2.14)
i=1 j=1

- 11 =



|h|

p(vi = 1/h) = sigmoid(a; + Y _ hjwy;), (2.15)
j=1
v

p(h; = 1|v) = sigmoid(b; + > _ viwy;). (2.16)

i=1

1

and sigmoid is defined as sigmoid(z) = Trowl sy

2.3.1 Gaussian-Bernoulli RBM (GRBM)

The binary RBM as discussed in Section limits the network to the problems
involving binary inputs. However, most of the pragmatic problems have real number
as input values and the binary RBM is inappropriate to taking full advantages of
such training data. A proposed variant to overcome this limitation and enhance the
capabilities of the binary RBM is to use visible neurons as real valued neurons instead
of the binary ones. This altered model is known as GRBM.

The energy function of GRBM is defined as:

v 2 vl |hl |h|

By =-% % DI ) (2.17)
9 1 j=1

i=1 i=1 j=1

where v; is the real-valued visible neuron, h; is the binary-valued hidden neuron,

o0; is the standard deviation of v;. a;, b; and w;; are the same as those defined for the
binary RBM.

The conditional probabilities assigned by the energy function in (2.17) are as fol-

- 12 —



lows~:

h
**2 (vi—bi—0i I} hjwij)?

: (2.18)

M
p(hj = 1|v) = sigmoid(b; + Z %wij), (2.19)

i=1 ¢

(2.18) represents a multivariate Gaussian distribution with the dimensionality equal
to the number of visible neurons; the covariance matrix is diagonal given as
diag(a?,03, ..., of,) (where |[v| is dimensionality of visible neurons vector) and the mean
in each variable 7 is given by b; + Zlh‘l w;;hj. The conditional probability that the state
of the hidden neuron j is 1 given the visible neurons is similar to that of the binary
RBM with an additional term for the scaling of visible neurons by the reciprocal of o;.
The learning rules for the weights and biases of GRBM are similar to those of RBM,
as described (2.9), (2.10) and (2.11).

The learning or update rule for the variance of visible neurons in GRBM is difficult
to formulate, and is one of the causes behind the slow GRBM learning process. In the
literature, GRBM is used mostly with fixed variance [106], although it can be learned

by maximizing the log probability of visible neurons with respect to the variance and

2 The probabilities are derived formally in[56]
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the resulting update rule is as follows [50]:

(v — ai)Q . Wi;Vy
A(TZ' = 60'(<—3 - Z hj—2>data
9; = i

(2.20)

)

|h|
(’Ui — ai)Q W;5U;
(S )
7j=1
A very interesting derivation of GRBM is as a constrained MoG of isotropic com-

ponents [96][33]. The probability model p(v) of the visible neurons can be represented

using the law of total probability as follows:

p(v) =3 P(v[h)p(h). (221)

From (2.18) P(v|h) is a product of |v| isotropic Gaussian distributions N (v;;b; +
ZL}L w;ihj, 02). The MoG component has an associated mixing coefficient, which is the
probability of selecting the corresponding component. The MOG has a direct mapping
in GRBM, here the conditional probability of the visible neuron given the hidden
neurons is a Gaussian component of the learned model, and the number of mixing
coefficient is combination of the number of hidden states being active. Furthermore the
derivation of p(h) in [96] implies that b; + Z';il w;jh; is the main contributing factor,

which makes p(v) similar to isotropic Gaussians and each Gaussian distribution is

2

centered at the mean with the variance o; in each direction. However, MoG components
are considered as independent.
It is evident from the earlier discussion that the Gaussian mean depends on the

states of hidden layer neurons, which are in {0, 1}/, This implies that the total number

of components in GRBM is 2/P!, which is exponential in the number of hidden neurons
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in h. The selection of the mixing coefficients is automatically made by the number of
active hidden states. It can be consequently realized as given the Gaussian parameters
of the visible layer neurons, the components rely on the states of the hidden layer
neurons and can be computed. That implies that only |v| + 1 (where the addition of
1 is due to bias) components that sum over exactly one or zero weights can be placed
and scaled independently. Following this, 2/ — |v| — 1 components are determined by
the choice of the |v| 4+ 1 components. This entails GRBM as the form of constrained

isotropic Gaussian components, which suggest GRBM derivation to MoG.
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Chapter 3

Background subtraction

Computer vision attempts to mimic the abilities of human vision, in particular by elec-
tronically perceiving and processing images. The intricacies involved in understanding
vision are directly mapped to the applied engineering and computational challenges of
today’s data-hungry world. The background subtraction is one of fundamental issues in
computer vision, and its solutions can be applied to many important areas in computer
vision, such as object detection and classification, face detection, action recognition,
video surveillance, automated driving, and sensors in robotics [0, 9, 22, 81, 94]. Tt is also

’ ]

The central idea behind background subtraction is utilizing the visual properties of

useful for applications in medical diagnostics, astronomy, and geo-physics [15,

images in video sequences to build an appropriate model that can be used to classify
parts of any new observation into foreground or background. For simple and ideal cases,
background subtraction is an elementary frame difference problem, where we calculate
the differences of pixel values between two consecutive frames of a video to remove
the background and highlight the foreground. However, for difficult cases background
subtraction is not a trivial task and the learning of a background model is a challenging
task.

There are many situations that can cause unstable learning for a background model

in a scene. The problems associated with background subtraction are mentioned here
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[12, 92]: The bootstrapping problem represents the case where images with a clear
background are not available for training. Images from a video scene are predominantly
cluttered with foreground objects, e.g., a scene from a crowded street produces this
problem. A dynamic background is encountered in cases where a scene contains
objects in continuous motion, such as water flowing in the background, a rotating fan,
waving plants, or moving escalators. Noise is generated while capturing a scene either
unintentionally by human error or by natural interferences. Camera jitters are usually
visible in videos and images if the camera is mounted on an unstable panel. These
jitters can be a continuous process or a sudden trembling caused by random events.
Each of these two sources of jitters has a different impact on background modeling.
Camouflage is self-explanatory, and is the embedding of the foreground object in the
background. A moved object is either the one that stays in a scene sufficiently long
time to become part of the background, or the other in the background that disappears
from the scene after a long time. Illumination change in a scene can be a part of
a regular cycle, such as the sunlight at different times of the day. A light switch can
also be turned on or off in the relevant scene causing this phenomenon. Pan-tilt-
zoom cameras capture a scene by remote directional and zoom control, which makes
background subtraction more difficult to tackle. Videos captured at an extremely low
frame rate that lack sufficient information to define a background, test the learning
capabilities of background subtraction techniques. Bad weather, such as snowfall,
heavy rain, and dust storms, affects the quality of videos and images available for

training. Beside optical sensors there are other sensors commonly used in cameras to
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capture images, such as infrared cameras or microwave cameras for tomographic images,
these days. Videos recorded at night have poor visibility and are often cluttered with
strong illumination from ambient nocturnal sources of light, such as torches and vehicle
headlights. All of the above-mentioned challenges [36] are difficult to address with a
simple solution to the background subtraction problems, but researchers are trying to
find stand-alone and inexpensive solutions to the problem in terms of resource and
time consumption.

A two-layer Restricted Boltzmann Machine (RBM) has the capacity to solve back-
ground subtraction problems with most of the involved intricacies. An RBM is a gen-
erative learning technique which models features from the data with its unsupervised
training capability. It can be very helpful in exploring the background model for a video
sequence. The generative nature of RBM enables to extract the foreground from a test
image given that RBM has seen a sufficient number of background images. Continuous
learning with a controlled learning rate can solve problems of bootstrapping, dynamic

background, and moved objects in a scene.

3.1 Background subtraction using GRBM

This section details the solution of background subtraction using GRBM . The
method is simple, and yet competes with the state-of-the-art methods. Section
presents the detailed results which endorse the efficacy of the discussed method of

background subtraction. No pre-processing of image data is introduced in training

IThis work is submitted to “IET image processing” journal

— 18 —



(c) GRBM for each
h | :
SRSNNE. L and comparison

(a) Input Image (b) Sliced RGB channels
T
Training Phase

(d) Background model for test image

Figure 3.1: System architecture for background modeling and background subtraction
phases. Modeling is composed of steps labeled (a), (b), and (c). (d) (the box bordered
by broken lines) is the process of comparing the background model with the test input

image respective to the RGB channel, and (e) is the foreground segmented image.

and raw RGB pixel values of images are presented as inputs to the GRBM. While
simple median filtering is used as post-processing and any sophisticated post-processing
technique like the graph cut minimization will further improve the results.
Background subtraction in the context of GRBM is a two-phase process. The first
phase concerns background modeling, while the second one is the subtraction of the

background from the test image to extract the foreground object.

3.1.1 Background modeling

The background model is composed of three independent GRBM networks i.e., one
for each channel of RGB. Each channel in RGB is modeled with a separate GRBM,

as shown in Fig. (a), (b), and (c). The training image is sliced into R, G, and B
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channels and each slice is used to train the respective channel’s GRBM network. The
pixels are considered to be random variables with associated probability distributions
p(X;), where i = 1,2, 3 for each channel and X is a vector of pixels. The channels are
treated independently and identically in all three GRBM networks. For the sake of
clarity, we describe the details of training the background model of one channel. The
other two GRBM networks are trained identically to generate the background models
for their respective channels. Algorithm | outlines the pseudo code for the discussed
background modeling.

GRBM is trained using the contrastive divergence (CD) [11], which is a technique
to train RBM by simulating the Gibbs sampling process. Gibbs sampling is used in
Markov chains (MC) to sample the original data and generate a model, which in this
paper is generating of images from a given video scene. Gibbs sampling of joint N
random variables G = (G4, Ga, ..., Gy) is generated from a sequence of a data set of
N sampling sub-steps in the form G; ~ p(G;|G;_1,G; 2, ..., G1). CD initializes the MC
with a training example (image), and eventually generates the true model (background
model). This process treats the variation in video scenes as a feature. The hidden
neurons in the networks are aimed to represent the useful features and remove the

infrequent features like illumination change, moving objects, natural irritations, etc.

3.1.2 Foreground extraction

Here we describe the extraction of the foreground from a test image frame. The test

image is sliced into R, G, and B channels, as shown in Fig. 5.1, and their visible neurons
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Algorithm 1: Background modeling algorithm

1

10

11

12

13

14

15

16

17

Load I; of N frames, where i € {1...N};
Extract parameters: height h and width w of single frame I ;
for c € {R,G, B} do
initialize RBM,. with hxw visible and no of Hid hidden neurons;
initialize €, epochs
end
for noofepochs do
for f € I1..ny do
slice frame f in {fr, fo, fB};
update RBM, learning parameters with respective f,;

end

end
Background model update;
count fg, V pixel detected as foreground in successive test frames;
if sum(fg, > th,) > pp then
goto 3

end
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are clamped. The network samples the test frame and reconstructs it from the learned
background. The test frame is then compared with this reconstructed image frame pixel
by pixel. The pixel values of the test frame falling within the scaled learned variance of
the respective reconstructed frame are classified as candidates for background pixels,
whereas pixels with values beyond the variance bounds are considered to be part of
the foreground. Let ¢ be the test frame and {¢,,%,,%,} be the extraction of R, G and
B channel, and then rc.(v;) is the reconstruction at the visible neuron i for channel
c € {R, G, B}. The foreground of channel ¢ (fg.) will then be represented by following

expression:

re.(vi) + aoy >t
f9e = re.(vi) —ao; < t. (3.1)

0 otherwise ,
\

where « is the scaling parameter for variance which will be explained later in this

section. (3.1) can be written in the compact form as:

1 if |reelid=te) < 6
f9e = (3.2)

0 otherwise ,

where for all ¢, fg. is computed using (2.2) and the final foreground value is determined

in the form:

fg = \/CE{R,G,B}fgca (33)
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where V is a max operation. The variance is scaled with the parameter «, under the
assumption that the data consists of un-normalized raw pixel values. The foreground
value is computed separately for each channel. A pixel will be considered as a back-
ground pixel only if its all channels are considered as candidates for a background pixel.
Thus, a pixel is classified as part of the foreground even if one of the three channels is
classified as foreground. The resulting foreground pixels are passed through a median

filter for basic smoothing to produce the pixel foreground image.

3.1.3 Model Update

As discussed in Section , the algorithm solely relies on the pixel information
learned by the GRBM for foreground segmentation. Thus, the background model needs
continuous update to incorporate the changes appear in the background scene overtime.
The algorithm keeps track of the pixels classified as foreground(by (7.2)) in successive
video frames and call them persistent pixels. An automatic update of the background
model is triggered if the count of persistent pixels exceeds a certain predetermined
threshold, and the algorithm re-learns the background model from the recent frames
accommodating the recent changes in the background scene. The background model
is updated in background, while the algorithm works with foreground segmentation.
The learned parameters in GRBM’s are weight matrix and variance vector, which are

replaced online by simple exchange. The conditions for update trigger are expressed in
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the form:

fop+1 it fg=1
fgp = (3'4)

0 otherwise,

where fg, represents for how long (in terms of the number of consecutive frames)

the pixel is classified as foreground pixel.

1 if fgp > th
S Gpe = (3.5)

0 otherwise,

where fg,. is an indicator for a pixel being a persistent foreground pixel and th,, is
the update threshold whose unit is the number of frames to decide whether a pixel is

consecutively classified as a foreground pixel or not.

TRUE  if sum(fgpy.) > pp

FALSE otherwise,

where ut represents the indicator for updating the background model and pp is the
threshold for updating the model.

The algorithm then automatically triggers the update procedure when ut is TRUE
to re-learn the background model. Notice that th, and pp decide the frequency of up-
dates, and th,, is tested with 200 frames and pp to h x w x 0.1. These values are selected
empirically to produce better results with tested data sets. The update procedure re-

duces the effect of ghost objects and illumination changes in the scene by time, and
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can be extended for crowded scenes with composite of fg, and pixel intensity values.
It is simple as well as computationally limited procedure. One challenge of using this
procedure in real time applications is the inclusion of the ghost objects in the fore-
ground segmentation results for a duration between the update trigger and parameters
replacement of the model. This, however, does not exhibit a high impact as the training

procedure is fast enough. The pertinent details are discussed with facts in Section

3.2 Experiments

In this section, we provide details of a collection of experiments and results to
demonstrate the performance of background subtraction using GRBM. The experi-
ments are performed with Wallflower [92], Star [00], and Changedetection [30] data
sets. This helps carry out comparison with results published in the recent literature. In
addition to these sophisticated data sets, a video from a cheap CCTV camera is also
tested to verify the robustness and extend the comparative analysis.

In the networks, the number of visible layer neurons is equal to the number of pixels
in the image frame, and the number of hidden neurons is empirically selected as eight
neurons for all data sets. We use 5 epochs for training as the inherent redundancy
in video data allows it to converge very early. The learning rate for weights, €, is
selected from the list [0.01,0.0075,0.0050,0.0025,0.0001] in sequence for each epoch.
The learning rate for variance, €, is also empirically selected set as 0.0001 for all
experiments. Value of the scaled variance variable « in equation(.1) is computed by

generating foreground segmentation with o € {5, 6, ..., 20} for randomly selected image
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(a) bootstrap (b) camouflage (c) lightswitch (d) timeofday (e) wavingtree (f) movedobject

Figure 3.2: Wallflower data set results. The first row shows the actual image, the second

row the ground truth, and the third row shows the background subtraction

frames coming from training images. The value of « for testing is selected as the one
which gives the minimum average number of foreground pixels per frame. It is noticed
that a variation of a=£2 does not have any noticeable effect on the segmentation results.
In the last step, the median filter is used to remove noise from the previous results.
The window size of the median filter is selected by computing the noise i.e. blinking
pixels from a set of {7,8,...,13}, where the higher value is selected for more detected
noise. This experimental setup is referred to as Ex4 in the script, henceforth.

The hyper-parameters can be further tuned to improve the results with prior in-
formation about the test videos. Beside conducting experiments with single set of
hyper-parameters in each dataset, we performed experiments with more suited selec-
tion for a category of videos. The learning rates and the number of epochs are slightly
tuned for each data set. The learning rates for weights €, are 0.0001 and 0.001, where

the smaller learning rate is applied to more dynamic backgrounds. Similarly, 5 to 10
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Figure 3.3: Star data set results. The first row shows the actual image, second row the

ground truth, and the third row shows the background subtraction

epochs were sufficient for training, where videos with static backgrounds are trained
with 5 epochs and videos with dynamic background are trained with 10 epochs. Rest of
the parameters are the same as discussed in general cases. This experimental setup is
referred as to Exp in this paper, henceforth. It is noticed that with the prior knowledge
of the category of the test video, the selected parameters improves final results from
3% to 5%.

The hyper-parameters reported in the paragraph above are not adaptive in the
experiments reported in this chapter. Further discussion on the intricacies involved
with parameters in RBM specifically selection of learning rates is presented in liter-
ature [78][32] and will be helpful for interested users. The learning rates are usually
selected manually with RBM [45] (experimental setup Expg). Another simple strategy
is adapted, that is to start with a small learning rate and change to larger value for
every epoch of training (experimental setup Ez4). Also, there are proposals to work

out the learning rate adaptively [17][1%], which can be incorporated very efficiently into
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the discussed idea, as there are few static learning rates reported and the domain of
selection will be small.

The experiments are executed on a standard PC with two 3.40 GHz processors and
regular load of general applications. The training took around 3 minutes for 254 frames
with each frame being 388x278x3. The testing or the background subtraction on the
same size of video frame is then experienced at the rate of more than 18 frames per

second(fps). This can be further improved using GPU computation and parallelism.

Table 3.1: Contingency matrix for F-measure

Background subtracted image
Foreground Background
Foreground TP FN
Groundtruth
Background FP TN

The results are evaluated qualitatively in visual form. The visual results are simply
presented as the foreground subtracted from a given test frame using the discussed
background subtraction technique. The results shown in the image also contain the
handcrafted ground truth from the publisher of the data sets for better comparison.

Quantitative evaluation is carried out using the F-score or F-measure, which is an

assessment of test accuracy. F-measure is the harmonic mean of precision and detection
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rate (recall), where precision and recall are defined as follows:

TP

Precision = TP-|——FP’ (37)
TP
D ' DR) = ——— .
etectionrate(DR) TP PN (3.8)

2 X Precision X DR
F- = . 3.9
measure Precision + DR (3.9)

Here, TP (true positive) is the number of correctly identified foreground pixels, FN
(false negative) is the number of foreground pixels incorrectly identified as background
pixels, FP (false positive) is the number of background pixels incorrectly identified
as foreground pixels, and TN (true negative) is the number of correctly identified
background pixels, which are summarized Table in the form of the contingency
matrix. The handcrafted ground truth, which is available from the publishers along with
the data set, for each data set is used for the computation of values in the contingency
matrix.

For the sake of brevity and in order to dwell on the results of the discussed technique,
visual results coming from the compared techniques are omitted but can be verified

from the referenced material.

3.2.1 Wallflower data set

Wallflower is probably the most cited and the oldest standard background sub-

traction data set. It contains seven videos, each for a different background subtraction
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Table 3.2: F-measure for Wallflower data set. The MovedObject data set is excluded

for being undefined for most techniques.

Technique Bootstrap | Camouflage | LightSwitch | TimeofDay | WavingTree | Average
ABSM[59] 0.6863 0.9414 0.7206 0.5911 0.9746 0.7828
SuBSENSE[%4] 0.4192 0.9535 0.3201 0.7107 0.9597 0.6726
ViBel[¥] 0.5433 0.9006 0.1888 0.3967 0.7271 0.5513
CodeBook][51] 0.4727 0.9418 0.61354 0.5132 0.9301 0.6943
PBASJ10] 0.2857 0.8922 0.2212 0.4875 0.8421 0.5457
J.G. Park[09] 0.6825 0.9296 0.5043 0.8048 0.9733 0.7789
TARBM][102] 0.6513 0.9515 0.5135 0.3087 0.8814 0.6613
GRBM(Ez,4) 0.7799 0.8879 0.8482 0.6468 0.8988 0.8123
GRBM(FEzp) 0.7959 0.9687 0.8372 0.8620 0.9660 0.8859

problem category. For that data set the F-measures of the discussed method along with
published results of the state-of-art background subtraction techniques are presented
in Table 3.2, The experiment EFz4 uses a static « i.e. 12 to show that the GRBM
background subtraction technique can perform competitively with such imposed con-
ditions. Fig. shows the qualitative results produced by the experiment Ex g, where
the first row contains the original test frame, the middle row shows the ground truth,
and the bottom row shows the segmented foreground. It is evident from the quanti-
tative results that the GRBM background subtraction technique performs better than
other state-of-the-art background subtraction techniques. One main reason behind the

better performance is that the technique here does not rely on feedback methods and
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Table 3.3: F-measure for Star data set.

Technique Curtain | Fountain | Campus | Escalator | Hall Lobby | Shopping Mall | Water Surface | Restaurant | Average
Li 2[60] 0.1841 | 0.0999 0.1596 | 0.1294 0.1135 | 0.1554 | 0.5209 0.0667 0.3079 0.1930
Stauffer[9] 0.7580 | 0.6854 0.0757 | 0.1388 0.3335 | 0.6519 | 0.5363 0.7948 0.3838 0.4842
Culibrk[23] 0.7368 | 0.4636 0.5256 | 0.4924 0.3923 | 0.6276 | 0.5696 0.7540 0.4779 0.5600
Maddalena[(] 0.8178 | 0.6554 0.6960 | 0.5770 0.5943 | 0.6489 | 0.6677 0.8247 0.6019 0.6760
TARBM][102] 0.8174 | 0.6871 0.4047 | 0.4196 0.581 0.2033 | 0.6943 0.8979 - 0.5892
DP-GMM, tuned[/1] | 0.8411 | 0.7424 0.7876 | 0.5522 0.5676 | 0.6665 | 0.6733 0.9298 0.6496 0.7122
GRBM(Exz,) 0.8509 | 0.7791 | 0.6794 | 0.6206 0.6779 | 0.6719 | 0.7534 0.9182 0.6120 0.7291

foreground modeling, which is the main strength for many of the state-of-the-art meth-

ods.

3.2.2 Star data set

The Star data set is another often-cited data set for background subtraction eval-
uation. There are nine videos in this data sets which magnifies the challenge for back-
ground subtraction set by Wallflower data set. The videos in this data set are pro-
vided with multiple handcrafted ground truths for extensive evaluation of background
subtraction techniques. The quantitative evaluation results are thus averaged over all
frames for which the ground truth is available. The results of the GRBM background

subtraction technique with Ex, are presented in Table and the segmented fore-
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(c.1) boats (c.2) canoe (c.3) fall (c.4) fountain01 (c.5) fountain02 (c.6) overpass
(c) dynamic background

Figure 3.4: Dynamic background category for Change Detection data set

grounds are depicted in Fig. . This figure contains the original sample frame in
the first row, the handcrafted ground truth in the middle row, and the segmented
foreground using the GRBM background subtraction technique in the bottom row. It
performs better than any state-of-the-art technique in terms of F-measure for most of
the videos. The restaurant video is identical to the bootstrap video in Wallflower data
set, but the additional ground truth frames are tested and the average F-measure is

provided for this data set.

3.2.3 Change Detection data set

The Change Detection data set is a comprehensive data set covering most of the
challenges that need to be addressed by a competitive background subtraction tech-
nique. The data set contains 11 categories in all with four to six videos in each category.
The detailed results of the foreground segmented images and the quantitative evalu-

ations for various background subtraction techniques are available on the publisher’s
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(d.1) backdoor (d.2) bungalows (d.3) busstation (d.4) copymachine (d.5) cubical (d.6) peopleinshade
(d) shadow

Figure 3.5: Shadow category for Change Detection data set

website”. We test our proposed technique every video in each category of the latest
version, except for videos in the PTZ category.

The challenge is tested with experimental setups, Fx4 and Fxpg, and the quanti-
tative results averaged over each category are presented in Table .1, along with the
results from other state-of-the-art background subtraction techniques. The averaged
results showed that our technique is among top 5 state-of-the-art background subtrac-
tion techniques. Even though it is very simple and does not rely on complex foreground
modeling and ensembles. The results are published at changedetection website .

The foreground segmentation of the selected frames with Fxg is shown for each
video in this paper from Fig. 5. to Fig. . The results for all frames are also available
online, along with the detailed quantitative results produced from the tools provided

by the data set publisher. The evaluation results asserts that th discussed background

2http://changedetection.net

3The ranks are obtained from changedetection.net website on submission date and are subject to

change
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(e.1) corridor (;.2) diningroom (e.3) lakeside (e.4) library (e.5) park
(e) thermal

Figure 3.6: Thermal category for Change Detection data set

subtraction technique is a genuine novel addition to the state-of-the-art background
subtraction techniques.

We use a couple of tricks to improve the results in dynamicBackground and camer-
aJitter categories. We employ the techniques mentioned in [241] to detect the blinking
pixels for dynamic background detection and cameralJitters. The region with more
dynamic background is compared with higher thresholds, while the videos with camer-
aJitter are aligned to the previous frame and tested for foreground segmentation. The
changes does not effect the results in general but improves the results. We also reduce
the noise by removing the small connected components in the segmented foreground.
Another, trick to improve the results is to fill the holes in segmented foreground to
increase the TP. These tricks helps us to improve the results in general, and it can be
further studied to enhance the specific results.

Some known issues that affect the average F-measure of the background subtrac-
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(a.1) traffic (a.2) office (a.3) pedistrians (2.4) PETS2006
(a) baseline

Figure 3.7: Baseline category for Change Detection data set

tion with GRBM technique are noise, shadows, abrupt change of background, and
mirror reflections. The problems of noise, abrupt changes in the background, and high
illumination, such as headlights in nocturnal videos, can be solved by pre-processing
the training data. The shadows and mirror reflections can also be treated as special
cases and removed by post-processing. The experiments performed with the discussed
method uses the RGB color intensities only to train the background model, which can
be extended by adding local features with an additional GRBM network. We do not
employ foreground modeling or feedback techniques, which are key factors in improve-
ments of the results in many state-of-the-art techniques. But it can be integrated to

further improve the quality of the quantitative results.
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(b.1) badminton (b.2) boulevard (b.3) sidewalk (b.4) traffic
(b) cameraijitter

Figure 3.8: Camera jitter category for Change Detection data set

3.2.4 Additional video

The GRBM background subtraction technique is tested with a video captured by a
cheap CCTYV camera and data set is available on our website . The color quality is very
low. The background subtraction result of a test frame is shown in Fig. , Where
the first slice is the original test frame, middle one is the hand segmented ground truth
and the final slice is the segmented foreground object using the discussed technique.

The F-measure computed for this single frame is 0.83.

thttp://mlv.gist.ac.kr/
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(j.1) abandonedbox (j.2) parking (j.3) sofa (j.4) streetLight (j.5) tramstop (j.6) winterdrivew
(j) intermittentobjectmotion

Figure 3.9: Intermittent moved object category for Change Detection data set

3.3 Related Work

Various methods have been proposed to tackle the background subtraction problems
[12, 92]. One of the most widely used techniques was introduced by Stauffer & Grim-
son [39], which uses the Mixture of Gaussians (MoG) model for the density estimation
(DE) of each pixel, and later regularizes the connected components. This method was
later extended with variants of MoG implementations [108]. A recent extension [25] of
MoG is to split over-dominating modes (distributions), produced by the expectation
maximization (EM) learning mechanism, that dominate weaker distributions. This has
been further analyzed to propose a variance control mechanism to improve results [29].
Another recent effort [10] to extend MoG for the DE of each pixel uses the Dirichlet
process Gaussian mixture model (DPGMM), which automatically detects the number
of mixture components required to model the background color distribution of the pix-
els. An extension to DPGMM uses Dirichlet process mixture models, which reduce the

computational cost of continuous learning and introduce a background model update
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Table 3.4: F-measure for Change Detection CDnet 2014 data set.

Technique Ba BW CJ DB IO0M LF NV Sh Th Tu | Average
SuBSENSEI[38] | 0.9503 | 0.8619 | 0.8152 | 0.8177 | 0.6569 | 0.6445 | 0.5599 | 0.8986 | 0.8171 | 0.7792 | 0.78013
FTSG[97] 0.933 | 0.8228 | 0.7513 | 0.8792 | 0.7891 | 0.6259 | 0.513 | 0.8832 | 0.7768 | 0.7127 | 0.7687
CwisarDH[37] | 0.9145 | 0.6837 | 0.7886 | 0.8274 | 0.5753 | 0.6406 | 0.3735 | 0.8476 | 0.7866 | 0.7227 | 0.71605
MBS[77] 0.9287 | 0.773 | 0.8367 | 0.7352 | 0.7568 | 0.6279 | 0.5158 | 0.8262 | 0.8194 | 0.5698 | 0.73895
PBASJ[16] 0.9242 | 0.7673 | 0.722 | 0.6829 | 0.5745 | 0.5914 | 0.4387 | 0.8143 | 0.7556 | 0.6349 | 0.6906
Spec-360[79] 0.933 | 0.7569 | 0.7142 | 0.7766 | 0.5609 | 0.6437 | 0.4832 | 0.8187 | 0.7764 | 0.5429 | 0.70065
KNN[108] 0.8411 | 0.7587 | 0.6894 | 0.6686 | 0.5918 | 0.5491 | 0.42 | 0.7788 | 0.6046 | 0.5198 | 0.64219
KDE[27] 0.9092 | 0.7571 | 0.572 | 0.5961 | 0.4088 | 0.5478 | 0.4365 | 0.766 | 0.7423 | 0.4478 | 0.61836
SCSOBS[65] | 0.9333 | 0.662 | 0.7051 | 0.6865 | 0.5026 | 0.5463 | 0.4503 | 0.723 | 0.6923 | 0.488 | 0.63894
Shared[16] 0.9346 | 0.7791 | 0.8173 | 0.8673 | 0.7979 | 0.6664 | 0.4333 | 0.8133 | 0.8254 | 0.8556 | 0.77902
GRBM(ExA) | 0.916 | 0.7471 | 0.6901 | 0.5963 | 0.76 | 0.7446 | 0.72 0.57 0.35 0.54 0.66341
GRBM(ExB) | 0.916 | 0.768 | 0.7708 | 0.833 | 0.832 | 0.77 | 0.7545 | 0.6469 | 0.3987 | 0.6469 | 0.73368

with a change of scene [11]. The GMM were effectively combined with the region based
local feature for the background modeling and the results are aggregated with minimal
spanning tree in [I1]. The GMM is also used with two different color representation
based on the results from the segmentation [77].

DE methods that use a kernel density estimate (KDE) with Gaussian kernels [80]
and step kernels [3, ] have also been developed. However, carefully selecting a best
variance at each pixel location improves result and it has been picked using maximum-
likelihood approach in literature [67]. Codebook construction [54] is adopted by record-
ing the samples at each pixel in a code word that represents the background model.
A novel framework was introduced in [08], where the texture, color and regional ap-

pearance of pixels are modeled using a codebook. An alternative feature vector-based
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Figure 3.10: Bad weather category for Change Detection data set

technique with integrated neighborhood-assisted initialization has also been proposed
[71]. It uses pixel intensity, local homogeneity, energy, and the texture mean feature vec-
tors associated with each pixel. A recent addition to the dictionary based background
modeling technique used the combination of the pixel color values, local feature and
adaptive parameter in a single word for each pixel [387]. The adaptive adjustable param-
eters are learned by a feedback procedure based on the segmented foreground pixels
58]

Probabilistic modeling of the background has also been investigated extensively. A
recent effort [75] in this regard is one where a foreground mask is generated probabilis-
tically from pre-identified foreground and background pixel classes. Sensors and hard-

ware implementation for background subtraction are relatively new. A sensor-based
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(f.1) bridgeEntry (f.2) busyBoulvard (£.3) fluidHighway (f.4) streetCornerAtNight (f.5) tramStation (£.6) winterStreet
(f) nightvideos

Figure 3.11: Night video category for Change Detection data set

approach has been proposed [90] that involves inpainting missing values in depth maps
obtained from Kinect and related sensor. Another proposal in this regard is the use
of ultra low-powered vision sensors performing pixel-level analog dynamic background
subtraction [20].

Biologically-inspired techniques have also been adopted by using a feed-forward
neural networks (NN) [23] to achieve background subtraction. A recent effort based
on NN [31] extends [01] the idea of self-organization to automatically compensating
for the egomotion of a device. Convolutional neural networks are used recently for
background subtraction where the background modeling is learned using the hand
segmented foreground objects in the training images.

The idea underlying our proposal is to extend biologically inspired techniques by
adopting RBM to generate a background model [73]. RBM is comprised of two layers, a
visible and a hidden layers of stochastic binary neurons. It learns a generative model of

training data, and without supervision, extracts features to best reproduce the training
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Figure 3.12: Low frame-rate category for Change Detection data set

data. In light of the common challenges in background subtraction mentioned in Section
7?7, RBM with its unsupervised and generative properties offers a natural solution.
Although the binary RBM offers promising capabilities, it comes with the cost of heavy
pre- and post-processing of video sequences for reliable training in RBM. GRBM [100]
is the alternatively proposed one that uses real numbers as input to visible neurons.
GRBM extends the representation power of RBM to make better use of pixel intensity
values in the RGB color domain. Other advantages of GRBM include its equivalence
to the form of MoG [96], which is formulated in detail in the literature and is briefly
elaborated upon in Section . RBM for background subtraction was earlier used in
literature for background subtraction[39, 102], but the basic idea is different from the

work discussed here. The technique discussed in this chapter introduce a simple GRBM
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(h) turbulence

Figure 3.13: Turbulence category for Change Detection data set

which is trained using contrastive divergence learning algorithm and explore the usage
of learned variance for foreground segmentation. However the earlier proposed works
introduced changes in the basic RBM structure and learning techniques. They also rely
on training different background scenes with separate RBM by modifying the training

data.

3.4 Discussion

Background subtraction using GRBM presented in this chapter showed results
which are comparative to the state-of-the-art. However, there are some deficiencies
which are observed during experimentation which is important to mention to pursue

this work in future. RBM and GRBM have enough capacity to learn from the scenes
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Figure 3.14: Background subtraction results obtained for low cost CCTV camera by

nightowl security system

which are provided for background modeling. The solution provided in this chapters
make use of the reconstruction of the frame at the visible units which are often biased
towards some scenes. It is also visible in Fig. that the receptive fields represent
most of the available scenes in the tested video. It is important to make use of the whole
knowledge learned by the network to conclude the final foreground segmentation.
The background subtraction problem has a challenging task of updating the back-
ground model to cope with objects movement. The technique presented in this chapter
updates the whole model by relearning the RBM with current video frames of the
scene. Although learning with RBM with this specific problem is fast, but relearning
the whole model can be avoided by partial learning of the network. There is some re-
cent proposal for RBM [19] and CNN [62] partial network updates which can be tried

to design a more elegant solution.
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Figure 3.15: (a) five different views from a video captured with PTZ camera (b) recep-

tive fields of RBM trained with this video

— 44 —



Chapter 4

Hybrid neuromorphic speech recognition

Speech recognition is a fundamental yet complex problem for the intelligence striv-
ing modern era. Speech is the most common means of communication among human
race, so the automated speech recognition (ASR) system has numerous applications.
Verbal communication is a trivial task in every day life, but this becomes a complex
phenomenon when ported to the machines. In addition to hundreds of thousands of
words in the vocabulary of a single language, the pronunciations and dialects of the
same words make ASR a complex problem in the field of artificial intelligence. Although
there are many advances reported on this front with software simulations, the solutions
are not scalable to port it to the hardware of an intelligent machine.

The memristor is potential candidate to embed intelligence in the circuits, as their
properties machinated engineering of long awaited neuromorphic devices. The mem-
ristor is defined as a basic circuit element which can hold the information of the last
current passed through it. The device is in use, lately, to build prototype of intelligent
systems. Automatic speech recognition systems are discussed with memristors in re-
cent literature. A binary memristor is proposed for speech recognition, along with a
crossbar, which can recognize five vowels [93]. The system used 4-bit 64 input channels
with each hardwired memristor crossbar channel working as a filter, and it reported

89.2% results with 2500 speech samples. Another template matching technique is used
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with predefined template with memristor cells, and it performed bit by bit comparison
representing by a memristor [63]. This template-matching system is tested for speech
recognition task by computer simulations with individual words from TIMIT dataset.
The accurate prediction is reported from 91% to 95%. The memristor is used as a
synapse in neural networks by its originator and proposed a multilayer neural network
with a learning scheme [2]. The network learns separately in software, and each neuron
layer, in hardware, is trained from it independently. [26] used the old cellular neural
networks with memristors and tested its efficacy with image processing techniques.
The asymmetric behavior of a single memristor, discussed originally, is far hard to
train the state-of-the-art neural networks. Therefore, a two memristors synapse [32] is
proposed by using two PCMO RRAM devices [70]. Later, the synapse was used to train
the restricted Boltzmann machine (RBM) with contrastive divergence (CD) algorithm
[83]. A hybrid neuromorphic speech recognition system is designed with the help of two
memristor synapse and CD algorithm which will be discussed later in this chapter. The
system uses a multilayer neural network, where the first layer of the network encodes
sound signals into a binary sparse representation and the second layer is neuromorphic

network for feature extraction and classification.

4.1 Hybrid neuromorphic system for speech recognition

The physical properties of a resistive random access memory (RRAM) memristor
makes it a suitable candidate to represent the memory as a circuit element. Although

the ideal characteristics of a memristor are desired to make it near precise alternate
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of the synapse, the available devices with asymmetric properties can also be used
to achieve the connection feasibly. A two memristors synapse is used in literature to
overcome the deficient symmetric behavior of the real device where the capacitance
of the two memristors is exploited by potentiating only. The weight representation of
a synapse is computed by taking the difference of the capacitance at two component
memristors of this synapse, at that point in time. We use a AI/Pry;CaqsMnO3(PCMO)
device for RRAM based synapse [70].

An artificial neural network is composed of the neurons and the synapses, and the
connection between two neurons can be emulated by a two-memristors synapse to build
a neuromorphic device. We propose a multilayer neural network in which the second
layer of the neural network is replaced with a neuromorphic chip. The neural network
consists of two separate layers of RBM, stacked on top of each other. The base layer is
a Gaussian-Bernoulli RBM (GRBM), and the second layer is a standard binary RBM.
The architecture of the neuromorphic network is depicted in Fig /.1, and is termed as
deep belief network in neural network’s literature [1]. The details of RBM and GRBM
are give in Chapter 2.

The RBM is trained with CD [11] algorithm which brings the network in a low
energy state for training data. The two RBMs are trained separately to each other
using contrastive divergence (CD) algorithm. The bottom network, GRBM, encodes
the real data of the sound files to a sparse binary representation. It is important to
notice that encoding is learned into the network rather than a fix representation. The

advantages are two fold: Firstly, the system is scalable and secondly, it is robust to
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Figure 4.1: This figure shows the hybrid neuromorphic ASR system diagram. It takes
the input from the sound MFCCs, and GRBM encodes coefficients to binary values,
whereas output of the hidden nodes from GRBM is passed as input to neuromorphic
RBM. Class biases are part of visible layer of RBM during training. The right side

shows the cross-bass switch and its two memristors synapse component.

noise in the data. The second layer of the network, the standard RBM, is trained
with the encoded data. The standard RBM is fitted with memristors synapse, wherein
synapse values are adjusted by CD weights adjust mechanism. The two memristors
synapse changes the capacitance of the first memristor on increment of the weights
while the second memristor’s capacitance remains unchanged. On decrement of the
weight changes the procedure is vice versa. The potentiation and the depression are

represented by different memristors in a single synapse.
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The classification is achieved by appending a biased vector to encoded sparse vector,
where biased vector represents class of the sound file. The neuromorphic RBM is trained
with this extended input data. The class of the tested sound is gauged by computing
the free energy [10] of the second RBM. The final class is identified as the one which
is represented by the added class biased code and gives the lowest free energy, among

all the inputs appended as biases of the classes.

4.2 Experimentation and Results

The experiments are thoroughly designed to test the discussed neuromorphic archi-
tecture, in which robust testing is performed to verify the efficacy of this system. The
data set' is acquired from a previous study of the characteristics of the vowels from
most of the American speakers [13]. The data set contains recordings of vowels from
45 men, 48 women and 46 children; Children includes boys and girls aged between
10 to 12. The vowels are recorded by reading each word from the list: {ae="had”,
ah="hod”, aw="hawed”, eh="head”, er="heard”, ei="haid”, ih="hid”, iy="heed”,
oa= "hoyed”, oo="hood”, uh="hud”, uw="who’d” }. The voice was low-pass filtered
at 7.2 kHz and digitized at 16kHz with 12 bits of amplitude resolution. Sound files
are used for training of neural networks, but each file is converted to its Mel-frequency
cepstral coefficients (MFCCs). The top 12 values of MFCCs and their first and second
derivatives are combined in a single vector. The data is normalized with zero mean and

unit variance.

Thttp://homepages.wmich.edu/ hillenbr /voweldata.html
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Table 4.1: Results of the speech recognition for an average of 10 runs with each forma-

tion of the hidden layer

Neuromorphic System Standard weights matrix
Hidden Layer 2 | Test Examples | Correct Classifications | Percentage range | Correct Classification | Percentage range
500 168 143 (85.114+2) % 159 (94.16+1.0) %
500 1668 1338 (80.23 £ 1.5) % | 1568 (94.11£1.0 %
1000 168 132 (78.3+£3.0) % 160 (95.2+£2.0) %
1000 1668 1312 (79.1+2.0) % 1553 (93.2+2.0) %

The normalized MFCCs data is used to train neural network. The first layer is
trained with Gaussian-Bernoulli RBM, with 2160 visible layer neurons and 2000 hid-
den layer neurons; Visible neurons are, (12 x 3 x 60), 12 MFCCs, their first and second
derivatives and the constrained power spectrum of 60 values. The encoded sparse rep-
resentation is used to train binary-binary neuromorphic RBM. The visible layer of
neuromorphic RBM consists of 2000 + 144 neurons where the additional 144 are class
code of each of the 12 classes of vowels representing by 12 bits each. However, hidden
layer of the second RBM is tested with different formations of neurons. Furthermore,
training parameters of two constituent networks are noted as follows: GRBM uses
learning rate (0.0001), momentum (0.9), sigma (0.07) and CD step size (5). The neu-
romorphic layer uses the learning rate (0.001) and CD step-size (1). The test sounds
are classified by generating free energy of the second layer.

The results produced by the hybrid neuromorphic system, to our knowledge, are

the first of its kind. Hence, Table gives the quantitative results of this system
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and equivalent standard RBM network. The results are also compared with human
recognition results of the same data, and it is reported by the publisher as 95.4%
averaged from 20 listeners. Fig. and .2 provide insight in to the performance lacking
due to the use of memristive synapse. The images illustrate the transition of weights
from one visible neuron connection to ten hidden neurons. The behavior is evident from
graph of the updates of the weights representing gradient decent for learning. Table

illustrates confusion matrix for classified vowels, and it can be noticed that wrong
classification are confused consistently with, more or less, the same vowels. Another,
important observation to note is that convergence of neuromorphic ASR is much faster
than standard ASR neural networks i.e. former converges in less than 5 epochs with

same training parameters while later converges in around 50 epochs.
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4.3 Discussion

The idea presented in this chapter is the speech recognition using a neuromorphic
system, where the system uses memristor as a synapse. The neural network used in
this system is learned on-line and the weights values represented by the memristor are
updated with training. The dataset tested with the designed system contains 12 vowels
which is relatively easy to train with memristors with unstable properties. However, the
actual speech is much complex in nature, and it becomes hard to train it with available
memristors as a synapse. A strategy to overcome the inherited limitation in memristors
is to train the neural networks offline (in a computer simulation), and memristors are
tuned to take those weight values.

As the real memristor can not produce the real value for weights, hence it is required
to approximate the weights values. The approximation of the weights values is tested in
recent experiments in [21, 50, |. The memristors can represent weight values which
can be taken by 2, 3,4, ...,8 bits. A future prospect with the given work in the chapter
and the cited resource is to train the deep neural network in simulation and quantize

the learned weight with values represented by the real memristor.
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Table 4.2: Confusion matrix for 168 test examples with neuromorphic ASR of 2000 x

500 crossbar

had hod hawed head haid heard hid heed hoyed hood hud who’d

had 0.93 | 0.07

hod 0.79 | 0.21

hawed 0.07 | 0.93

head 0.07 0.93

haid 0.71 0.07 ] 0.21

heard 1.0

hid 0.07 0.79 | 0.14

heed 1.0

hoyed 0.07 0.86 0.07

hood 0.07 |0.71 0.21

hud 0.07 | 0.07 0.07 0.79

who’d 0.07 0.07 0.86
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Chapter 5

Vehicle license plate detection

Automated transportation systems are getting more important these days due to the
development of autonomous driving and its applications to the transportation system,
and its generic functional component is to identify a vehicle. Since a vehicle is instanta-
neously identified by its license plate (LP), its detection and recognition are considered
of paramount relevance. Although LP detection has been an important issue in many
research studies over the decades, we still face many challenges brought up by the
advent of new technologies such as autonomous driving, Internet of things, big data,
deep learning, and so forth. Hence, a revision of the problem and solutions without
involving prior constraints is needed.

Most of the currently available methods used to detect LP in images and videos
are realized under a certain constrained environment. The region of interest (ROI) is
one of such constraints, as the LP is assumed to be localized in a specific region of
the test image frame. Camera parameters and illumination conditions are other widely
assumed constraints. A static camera is extensively used in practical applications, while
the illumination conditions are considered as those offering high visibility. The aspect
ratio of the license plate’s dimensions, orientation and color patterns also narrow down
the domain of the problem. Moreover, prior knowledge about different features of a LP

permits us to design simple solutions which leverage the real time performance of the
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system.

Since we intended to redefine the LP detection problem to counter upcoming chal-
lenges posed by the automation of the system, the constraints mentioned earlier must
be revised or relaxed to build functionally viable solutions. An example where most
of the constraints are violated is a mobile traffic monitoring system and requires a ro-
bust, accurate and fast LP detection. Another pragmatic situation is that LP may be
partially visible or occluded, therefore, causing difficulties in detection. In particular,
if the detection is used to hide the identity of a vehicle during live telecasts for privacy
protection, there is not enough margin of time and error in detection. These examples
suggest that LP detection becomes a complex problem and often demands very high
accuracy. Moreover, the ROI in the above-mentioned examples is dynamic and LP is
not located at fixed coordinated of the image frame.

In this study, we establish a basis of using object detection techniques for vehicle LP
detection. The main contributions of the study are outlined as follows: 1) annotation
of training images dataset by adding the category of a LP bounding box, 2) training
and testing of state-of-the-art object detection techniques which include Region-based
CNN and exemplar-SVM and 3) elimination of frequently used assumptions and con-
sideration of practically sound conditions to design a general solution for LP detection.
Additional aspects concern a detection of partial LPs, detection of the LP in every
frame of a video sequence from videos coming from a camera mounted on a movable
platform and Pan-Tilt-Zoom (PTZ) camera. Since the general applications of the LP

detection needed LP recognition and the camera is mounted on a static platform with

— 55 —



known surroundings, so the earlier studies assumed the constrained environments. The
main focus here is the detection of LP to identify or hide the identity of a vehicle for se-
curity purposes. Furthermore, the case-study of real-time performance of LP detection

is covered as well.

5.1 Methodology

In the automatic transportation systems, vehicle LP detection is one of the most
widely tackled problems that attracts the attention of various applications. We explore
the problem without making prior constraints and extend the functional requirements
which are discussed in Sections ?? and 5.3. An image processing technique with simple
classification algorithm is discussed here. Furthermore, two distinct advanced object
detection methods are considered for the LP detection. The formal formulation of the
problem is posed as follows: Given an image or a frame coming from a video sequence,
I;, detect LPs {p1, ..., pn }, where n stands for the number of vehicles with visible plates
in ;. The position of vehicle and number of vehicles are not constrained. There are no
bounds imposed on the size of LP, and it is assumed that the camera is not stationary.
Another functional requirement is that the LPs are needed to be detected in every

single frame of a video sequence.

5.1.1 Conventional Image Processing Technique

The conventional technique adopted is presented in the form of Algorithm 2. This

technique uses color thresholding and image morphing techniques to search for probable
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LPs region and then classifies the detected regions using SVM trained with LP dataset.
We briefly elaborate on the successive steps of the algorithm: 1) Vehicles are segmented
from the test image. If the data is a video sequence captured by a static camera, the
background subtraction technique is helpful to reduce the search space carried out by
the algorithm. 2) The test image is converted into gray scale image. 3) Noise reduction
and smoothening of the test image is realized with the use of the Gaussian blur. 4) The
smoothened image is binarized by applying thresholding. Global, adaptive and cluster
thresholding techniques are suggested in case of varying illumination conditions. 5) Fine
contours from the binarized image. 6) The contours are scrutinized for false positives
to detect the actual LP. False positives are removed using heuristics like the aspect
ratio of the contour, overlapping contours, and enclosed contour frequency. Moreover,
a linear SVM is used to classify the remaining candidates for a final LP detection.
This approach outlined above does not perform well in varying conditions in which
images are captured. It only performs well under certain assumptions such as static
camera location for capturing the image, the position of the vehicle in an image, fixed
illumination conditions and LP background color and characters information. The gen-
eral issues inherent to the LP detection problem calls for a solution formulated in an

unconstrained environment.

5.1.2 Support Vector Machine

Support vector machine (SVM) is a parametric model which is widely used for

regression and classification problems. We deal with the automatic LP detection as
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Algorithm 2: Use of conventional image processing techniques for LP detection

1: Select region using background subtraction technique with static camera from a
video sequence
2: Convert Image I; to gray scale G,
3: Blur GG; and smoothen it, which will be B;
4: Binarize B; by applying dynamic thresholding th;,
5: Find contours C in th; for each contour ¢ in C' do
remove c if it does not comply with the aspect ratio of height and width
7: remove c if enclosed contours count is less than the minimum characters
8: remove c if it does not comply with minimum and maximum sizes
9: remove c if it is not classified using SVM

10: Return C
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an object detection problem. As discussed earlier, the automatic LP detection is a
complex problem and the associated complexity include illumination conditions, large
search space, various print style, digits, and color etc. These features allow us to regard
LP as a separate object.

The ensemble of exemplar-SVM [55] showed better performance than single and
kernel SVMs in object detection tasks. The ensemble of exemplar-SVM is used to
detect LP in an image and video sequence. The ensemble of exemplar-SVMs exploits
each individual positive example which distinguishes it from negative examples and
classifies the similar objects for unseen data. A separate linear SVM (exemplar-SVM)
is trained for each positive example along with many negative examples coming from
the training set. Every exemplar SVM with parameters (W, b) for the positive example
p and the set of negative examples {nj,ns,...,n,,} optimizes the following objective

function to construct the decision boundary [66].

w(W,b) = |[W||* + CLh(WTp +b) + Cy ZneN h(—WT —b) (5.1)

h(z) = max(0,1 — z) (5.2)

where C and (5 are constants and A is a hinge loss function. SVM is trained with
hand crafted histogram of gradient (HOG) features of positive and negative training

examples.
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5.1.3 Region-based Convolutional Neural Networks (RCNN)

Recently CNN [58] has gained a reputation in a variety of computer vision applica-
tions due to its comprehensive feature representation capabilities and superior accuracy
in object classification problems. Although CNN produced the best results among the
competing classification methods, it is slow because of its architecture and a way of
learning. With advances in hardware and implementation techniques, CNN can now
be used for object detection problems with much higher accuracy and almost real-time
processing speed.

CNN relies on filtering mechanism which designates the term convolution in the
convolutional neural network. There are many layers of the neural network and hence,
called as deep neural networks (DNN). In CNN, layers are a hierarchy of the convo-
lutional layers with interleaving pooling layers. The convolution layer automatically
detects features in the training data and the pooling layer reduces the size of feature
images filtered by the convolutional layer.

Many different architectures have been recently proposed to improve results of
object detection with reduced processing time. A recently proposed RCNN [34] archi-
tecture, to detect LP in an image, is discussed here. RCNN utilizes CNN together with
a region proposal technique, where the proposed regions can be classified as detected
objects. The idea of using selected (proposed) regions reduces the search space as com-
pared to the conventional sliding window based detection methods, and thus decreases
the execution time for detection. There are various techniques to compute the region

proposals discussed in details in [13, 18]. RCNN also takes advantage of the semantics
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of region proposal techniques and improves the detection accuracy. Therefore, it is one
of the choices which helps to achieve the functional requirements of the discussed LP
detection problem, i.e. assure 100 percent accuracy.

The other functional requirement is the real time execution of the method which
is hard to achieve with the initially proposed RCNN. But an immediate successor of
RCNN, Fast-RCNN [35] overcomes the slow execution time of its predecessor. Fast-
RCNN adds an additional pooling layer to fine-tune ROI, which reclaims the lapse of
separate stages in earlier proposed RCNN architecture. The pooling layer reduces the
CNN execution time, but Fast-RCNN still uses a separate region proposal technique.
The latest proposal is the Faster-RCNN [70], which uses a faster method of region
proposals called as region proposal network (RPN). RPN uses features from the con-
volution layers to predict the bounding boxes for the object proposal and shares those
features with the classification network i.e. Fast-RCNN. RPN is trained separately to
the object detection network and combined with later in the test phase. The use of
same CNN layers for region proposals and classification reduces the execution time for

real-time performance.

5.2 Experimentation Studies

The suggested methods are rigorously tested to assess the performance of the LP
detection in dynamic environments. To correctly classify the data we need not only
design a good classifier but also collect a well-balanced number of data. In particu-

lar, for LP detection as an object detection problem, there are no standard datasets
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available. Even in the other cases, where the prior training is not involved and image
processing techniques are used, there are very few standard datasets available. The
available datasets usually contain LPs from the same region of the world.

As discussed in the use of image processing techniques and sophisticated object
detection methods for vehicle LP detection is discussed here. There are numerous
options available to try in each technique. We apply different combinations of image
processing techniques in these experiments to detect LP. Similarly exemplar-SVM and
RCNN have different options available at component levels. RCNN and its successors
i.e. Fast-RCNN and Faster-RCNN are tested with different CNN configuration: ZF[104]

and VGG16[31] CNN.

5.2.1 Dataset

We extend Pascal VOC2007 [30] data by combining a publicly available LP dataset
(Ipdatabase)’ [5] and a Korean LP dataset (KoreanLP) . Images are transformed into
training set format published by a public VOC2007 dataset. Test Images includes
application-oriented license plate database (AOLPD) [19], Ipdatabase and KoreanLP.
AOLPD includes three categories AC(the camera is stationary and the vehicle in the
image is also stationary or passing the camera with reduced speed), LE (the vehicle
in the image is captured for a traffic violation) and RP (the vehicle in the image
is captured with moving camera). Moreover, two test videos are included from the

real world scenarios: The first video is captured using a PTZ camera installed at a

Thttp://www.medialab.ntua.gr /research/LPRdatabase.html
Zhttp://mlv.gist.ac.kr

— 62 —



driveway and sample frames from different views are shown in Fig. . The second
video is captured using Toshiba BU238MC camera mounted on the windshield of a
vehicle while driving the vehicle through the university campus on a sunny day. Its

sample images are shown in Fig.

5.2.2 Detection Results

Techniques considered to detect LP are prudently tested with all datasets discussed
in Section . There are not many datasets available for LP detection, so the com-
parison is limited to the publicly available datasets. For the evaluation criteria, the
accuracy metrics is quantified by manual verification of the bounding boxes for the
detected LPs. However, an automated system can be used with sophisticated datasets
and can compare the results of the intersection-over-union method with an available
ground truth.

The details of the programing codes used for experimentation is as follows: The con-
ventional technique is implemented using C++ with OpenCV libraries. The exemplar-
SVM is trained with the Matlab code provided by the author of the original work.
Faster-RCNN and Fast-RCNN are also trained and tested with the code provided by
the authors of the original work, who used Caffe [52] libraries for implementation.
The training images data is same for all object detection techniques to make a fair
comparison.

Table summarizes test results for all datasets of images mentioned in section

. Tests are performed with exemplar-SVM and Faster-RCNN with VGG16 and
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ZF CNNs and their accuracies are given in the table. It is evident from the results
that there is no single winner, but Faster-RCNN with ZF network beats the others in
accuracy on average. Moreover, the percentage of correct detection is very high with
every single object detection technique and difference is insignificant among them.
Table gives a comparison of test results of several methods on the AOLPD dataset.
Although Gee-Sern Hsu’s method beats VGG16 result in RP class, VGG16 stays on
top on average. Table displays comparative results of test results on Ipdatabase
with object detection techniques. It becomes apparent that the exemplar-SVM comes
with the highest values of accuracy in comparison with accuracy reported for other
methods.

Two videos are tested with an additional region proposal technique named as se-
lective search [95] with Fast-RCNN. Table gives details of images in the driveway
video sequence and the respective results with each tested technique. RCNN with se-
lective search as region proposal method and VGG16 network suggests the best results
for the entire video, and it happened to be almost 100 percent. Faster-RCNN also
performs well with both ZF and VGG16 networks, whereas exemplar-SVM and the
conventional approach performs close when the plates are clearly visible. The second
video is a hard case for all techniques because of the lens glare and vignetting effects.
Exemplar-SVM performs well in this video, while Faster-RCNN also performs better if
the threshold of comparison is reduced. The dataset has 90 examples with visible LPs,
and the exemplar-SVM ranked on top by detecting 41 right plates. It can be seen in

Fig. that the plates are hardly visible with the human eye.
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5.2.3 Tuning

Results discussed in section from object detection techniques are trained with
the same training set and threshold comparison. However, results can be improved in
exemplar-SVM and Faster-RCNN with certain changes. It is noted that the exemplar-
SVM detects false positives from headlight and chassis regions of the vehicle. We train
SVM with additional negative examples containing headlights and chassis regions. This
phenomenon along with improved results is depicted in Fig. . Additional train-
ing with more positive examples improves results further as given in table 5.5. The
exemplar-SVM is trained with additional 8 positive examples from AOLPD dataset
and significant improvement in detection can be seen in the bar chart in Fig.

The Faster-RCNN detection results presented in earlier section are from a compar-
ison threshold of 0.5 with detection score. The detection results can be improved by
using a smaller value for the threshold comparison, but it will increase the number of
false positive in each image as shown in Fig. and Fig. 5.7. Table 5.0 gives an effect of
the threshold value on detection results, while graphs in Fig. shows an exponential
increase in false positives. It can be noted that false positive shoots after a threshold

value of 0.1, but detection results improve.

5.3 Related Studies

Vehicle LP detection exhibits various applications in automated traffic management,
surveillance, portable gadgets, automated parking ticketing, video editing, automated

street view generation, and others. There are generalized as well as application-specific
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solutions proposed for the target problem, and a body of literature can be found in-
stantly with a single search query on the Internet. Although we limit this section
to recent publications, references of comprehensive review papers compensate for the
limited citations. Studies [5][1] offer detailed reviews on the LP detection techniques;
Additionally, a novel adaptive image segmentation technique using sliding concentric
windows is presented to detect ROI at high speed. It also discussed a method which
describes local irregularity in an image using standard deviation and mean value of an
image. This idea is tested with 1,334 input images and resulted in 1,287 correct seg-
mentations i.e. 96.5% accuracy and reported an increase in performance when certain
limitations are applied. A comprehensive review covers each aspect of the problem and
is considered informative for interested users [25]. Considering the fact that LP detec-
tion is one of the most worked problems, it is unusual that there aren’t any standard
dataset and evaluation criteria available.

The LP detection problem is frequently tackled by conventional image processing
techniques. A recently proposed approach used a vertical edge detection algorithm
to gain speed efficiency in vehicle LP detection [3] with an adaptive thresholding for
binarization to produce candidate regions. It was reported that computational speed is
47.7 ms/image and a success rate is 91.4% reported on 664 tested images. Optimized
Gabor filters are used to detect LP in varying illumination conditions, where the filter
parameters are estimated using fuzzy sets [91]. It reported 94.4% accuracy of detection
on 933 tested images. Also, [101] presented an implementation of the mean shift filtering

method with delineation of the cluster and simple post-processing for LP detection.
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Another conventional approach, discussed in [57], reported 94.12% accuracy when
processing 425 test images. It proposed a region-based filtering method for LP de-
tection. The filtering method sifts selected regions generated by edge detection and
morphological operations techniques. [7] is an example of the use of template-matching
to detect the LP of Iranian vehicles. It discussed a modification of the color template-
matching technique by analyzing the target pixel’s color. The specific design of the
Iranian LP is exploited with a strip search to fine tune the results. 1, 150 images were
tested showing 96.6% detection rate and the average execution time of 0.70 sec/image.
Gradient analysis of transition in pixel intensity is used to localize LP in [1 1] and con-
sidered the detection of geometrically distorted, unaligned and occluded LPs. The
algorithm was tested with 2,500 natural-scene gray-level vehicle images with different
backgrounds and ambient illumination. It was reported that a detection rate is about
94%.

Geometrical representations are also applied for detecting LP in images; An illustra-
tion is a LP localization method using label-movable maximally stable external region
clique with a focus on characters and the template of the LP [38]. It used predetermined
features of the LP color and character structure. Test results on 99 images containing
Chinese LP showed 97% correct detections with 77 ms/image computation time. Edge
clustering is also used to identify regions for probable LP [19]. The clusters are formed
with the use of application-oriented parameters and expectation-maximization (EM)
algorithm. The edge clustering technique reported 93.33% correct detections in 2049

tested images and a maximum execution time of 0.32 sec/image. Another geometric
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framework is given in [61], which proposed a rectangular shape detection in images. LP
detection is a direct application of the rectangular shape detection algorithm. Further-
more, it introduced an interestness measure for candidate LPs, and the test performed
on 100 images showed 97% correct detection with a computation time of 1.1 sec/image.

Detection of LP was treated as an object detection problem using Adaboost and
SVM. These approaches mostly relied on a conventional ROI selection. An example of
the former using gradient information and the classifier to detect LP is given in [99].
Moreover, candidates given by the classifier are scrutinized using certain heuristics and
a voting-based method. A recall of 87.29% and precision of 62.31% were reported from
test results on 4,087 images. Another use of Adaboost is combined with a tracker; the
tracker keeps track of the ROI in a video sequence, and the detection is realized by
cascading Adaboost classifier [98]. The detection algorithm is improved by the inclusion
of hierarchal information fusion which reduces false positives. The improved technique
is tested with 950 images showing 90.8% correct detections [103]. Traffic video datasets
are targeted for detection and recognition of LP in [105]. Videos are tested with a
method that uses edge features and Haar-like features to construct a cascaded Adaboost
classifier. The published performance showed a 94% correct detection. It is important
to refer to an unconventional way of using genetics algorithm for the LP detection
which is tested with a comprehensive dataset of 3000 images with an average of 98%
detection results in [35].

Here the problem of LP detection is explored without any constraints. It consider

that the distinct features of a LP constitute a separate object. Thus, it reformulate the
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LP detection problem and utilize current best object detection techniques to determine
a viable solution. With this regard, it explore variants of support vector machines
(SVM) and convolutional neural networks (CNN). The LP detection is rarely considered
as a part of object detection problem in the existing literature, and there are not any
standard datasets available for training. To address this issue, a transformation of

existing LP database into a standard dataset is useful for object detection.

5.4 Discussion

Image processing techniques rely on simple features like color maps, edges, color
histograms and binarization, so they are vulnerable to changing conditions. As men-
tioned in section , this technique is tested with different options. The adaptive
binarization performs better in varying conditions and densities of the vehicle colors.
Blobs detection applied to color features and edge features behave similarly in quan-
titative numbers as we do not consider the presupposed ROI. The final algorithm,
which is empirically found best suited for LP detection uses the Otsu binarization with
grayscale blur images. Accuracy depends on texture in test image like dust and vehicle
color patterns, as blobs and false positives are increased. Another factor with a high
impact on final accuracy is pattern matching technique, which is a linear SVM using
color histograms. SVM is used to remove false positives from the final filtered blobs
in initial detection. It is noted that careful selection of features and training examples
have a positive impact on the final detection. It takes around 0.35 sec to detect LPs in

an 640 x 480 image using Algorithm
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Ensemble of exemplar-SVMs also depends on the quality and features of the positive
examples. It uses each example to train a separate SVM, so its processing time goes
up with the addition of every positive example. However, the experiments show that
this impact is negligible if positive examples are below a certain number, which is
tested as 180 examples. Furthermore, it can be rightly assumed that the parallelization
can define the upper bound on the processing speed as each exemplar is compared
separately for the match. Another experiment performed, is to train the exemplar-SVM
with LPs from a certain region (i.e. European LPs) and test with a different region (i.e.
KoreanLP), which performed very well. This experiment explores the ability of object
detection techniques to exploit the features of a LP more than its contents. Although
the ensemble of exemplar-SVMs performed remarkably well with accurate detections,
but it is not suitable for real-time systems due to its slow computation time i.e. 3
sec/image. The accuracy is improved with continuous training as the examples can be
added and removed on-line.

Faster-RCNN are best suited for real times systems. The region proposal methods
play a major role in accurate detection as shown by the results with tested videos.
Faster-RCNN with a ZF CNN network performs below par with a video dataset because
RPN uses rectangular regions for the proposal. But Faster-RCNN with ZF CNN is the
fastest with 0.07 sec/image, while VGG16 CNN is acceptable with 0.16 sec/image.
The selective search is computationally expensive, thus does not qualify for a real-time
system. However, the accuracy with selective search is comparatively higher than RPN

with tests performed. Considering the real-time performance on an image dataset, ZF
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being the less deep network produced better results than VGG16 which is a relatively
deep network in some datasets.

License plate detection using RCNN relies on the proposal generated by a region
proposal technique, which computes the region proposals based on the current test
frame. It can be noted that in videos the information in consecutive frames is redundant,
and that information can help in robust and accurate region proposal. Considering the
fact that an LP detected in the first frame of the video sequence, the successive frames
can use the detection results to generate robust region proposals. A feedback system can
be introduced to make use of redundant information and generate regions proposals.
The proposals generated using some feedback mechanism has potential use in object
tracking. The computation time can also be reduced by generating fewer and more

accurate proposals to check for final object classification.
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Figure 5.1: Sample images from driveway video captured using a PTZ camera.
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Figure 5.2: Sample images from campus video which are captured with a camera

mounted on a moving vehicle.
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Table 5.1: LP detection rates for tested datasets.

RCNN
Total Images | Exemplar SVM
VGG16 ZF

AC 681 52 (92.36 %) 13 (98.09 %) 6 (99.11 %)

AOLPD | LE 757 25 (96.69 %) 46 (93.92 %) 18 (97.62 %)
RP 611 101 (83.46 %) 67 (89.03 %) | 110 (81.996 %)

Ipdatabase 710 7 (98.79 %) 18 (96.90 %) 10 (98.28 %)
KoreanLLP 112 12 (89.28 %) 10 (91.07 %) 6 (94.64 %)
Total 2871 197 (92.81 %) 154 (94.38 %) | 150 (94.53 %)
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Table 5.2: Comparison of AOLPD with VGG16. Other results are borrowed from [19]

Technique AC LE RP Average
J. Tlonen[51] 81% 70% 2% 74.25%
C. Anagnostopoulos[5] | 87% 81% 7% 81.80%
Gee-Sern Hsu[49)] 93% 93% 94% 93.29%
VGG16][our] 98.09% | 93.92% | 89.03% | 93.85%
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Table 5.3: Comparison of Ipdatabase with our tested techniques

Technique Total Images | Correct Detection | Accuracy Percentage
C. Anagnostopoulos[’] 685 657 95.91 %
VGG16 710 691 97.32 %
RCNN
7F 710 701 98.73 %
Exemplar-SVM 710 703 99.01 %
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Table 5.4: Driveway video frames categories and test results from techniques suggested

Video Images | Conventional Exemplar- RCNN

Frames (5561) Technique SVM Selective Search-VGG16 | RPN-VGG16 RPN-ZF
Visible LPs | 2702 | 1952 (71.76%) | 2520 (93.62%) 2661 (96.6%) 2423 (89.67%) | 2309 (85.45%)
Partially

160 50 (31.25%) 75 (46.88%) 151 (94.37%) 142 (88.75%) | 22 (13.75%)

Visible LPs
Angled LPs | 161 19 (11.8%) 25 (15.52%) 141 (87.57%) 88 (54.65%) 13 (8.07%)

No LPs 2538 - - - - -

Total LPs 3023 | 1955 (64.67%) | 2620 (86.67%) 2903 (96.03%) 2653 (87.76%) | 2433 (80.56%)
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Figure 5.3: Left column shows results of exemplar-SVM before training with additional

negative examples and right column shows detection results after additional training.
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Table 5.5: Exemplar-SVM detection results with additional positive training images

coming from AOLPD dataset

Exemplar-SVM with
Exemplar-SVM Percentage
Total Images additional training
(Undetected) improvement
(Undetected)

AC 681 52 43 1.32 %
AOLPD | LE 757 25 17 1.05%
RP 611 101 38 10.31%
Ipdatabase 710 7 2 0.7 %

KoreanLP 112 12 12 0
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Figure 5.4: Exemplar-SVM bar chart showing the comparison of results with old and

new training sets.
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— 81 —



Figure 5.6: Each row shows detection results of same image with different threshold

value for Faster-RCNN with VGG16 network.
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Figure 5.7: Left column shows detection results with threshold value of 0.5 and left

column shows results with 0.001 threshold from Faster-RCNN with ZF.
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Table 5.6: Detection and false positive results with different threshold values of Faster-

RCNN with VGG16 and ZF networks.

Total Images

threshold >0

5

threshold >0.1

threshold >0.001

Detection Error

False positive

Detection Error | False positive

Detection Error | False positive

VGG16 | ZF | VGGI16 | ZF

VGG16 | ZF | VGG16 | ZF

VGG16 | ZF | VGGI16 | ZF
Ipdatabase 710 18 10 22 33 9 6 56 68 3 1 2460 | 3250
KoreanLP 112 10 6 3 8 6 2 12 25 5 0 430 1014
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Chapter 6

Conclusion

6.1 Conclusions

Generative modeling, as an observation process for predictive learning, is a natural
solution presented by artificial intelligence and machine learning. Computer vision, be-
ing the beneficiary of neural networks techniques, leaps forward through long promised
solutions to the challenges. Generative modeling fills the gap in complex machine learn-
ing tasks like object detection, object classification, speech recognition, optical char-
acter recognition, and, so on, where enough labeled data is not available. Predictive
learning using neural networks and generative modeling as the key structural compo-
nents requires right choices. This thesis worked-out solutions to some common problems
and achieved state-of-the-art results presenting the right choices for predictive learning

using generative modelings techniques.

6.1.1 Background subtraction

The generative modeling capacity of GRBM for the background subtraction prob-
lem is discussed in this thesis. GRBM behaves as a constrained version of MoG, which
and whose variants are widely used to solve the background subtraction problems.

GRBM with implicit learning properties exploits the strength of MoG and learns the
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variance associated with Gaussian visible neurons. It accepts raw pixel values of the
RGB channels as input and trains a separate GRBM for each color channel only. We
used the learned mean and variance provided by the GRBM for each pixel and channel
to generate the background model in a video. The foreground extraction is the resul-
tant of the combination of the output from three GRBMs and that result is processed
by the simple post processing.

Experimental results show that this simple technique competes the state-of-the-art
ensemble and feedback based background subtraction techniques. In addition, GRBM
does not require any hand-crafted feature selection, and has the flexibility of working
with various data sets by tuning a small number of parameters, and can continue
learning to update the background model for changes in the environment cheaply.
The research reported here can be extended to solve vision problems in deep neural
networks.

The RBM has the capacity of representing the variation in the video sequence, but
it may not reconstruct variant scenes because of the involved biases. A robust technique
is required to make use of the information captured by the RBM. Furthermore, we can

extend this research is to update the background model by updating the RBM partially.

6.1.2 Neuromorphic speech recognition

We discuss a neuromorphic multilayer neural network for speech recognition in
this thesis. The network uses GRBM for sparse data representation of speech, and

encoded data is used to train a neuromorphic RBM, on top of the first network. The
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synapse connections between two layers of second RBM are PCMO RRAM memristors
synapses. The connections are trained with the example data set to adjust synapse final
weight as a real number. This proposed hybrid multilayer ASR, rightfully, constitute
the basis for generative neuromorphic learning models, and the system can be extended
with more deep neural networks and extensive experimentation with speech data. The
network is tested with a comprehensive dataset of the American vowels in common use
and compared with human performance. The technique discussed in this thesis proved
itself, in a fair competition, considering the limitations of a memristive synapse.

The limitation of the memristive synapses is an apparent bottleneck in training the
DNN. However, the learn-able parameters obtained from a network trained with soft-
ware simulations can be approximated to the values representable by the two memristor

synapse.

6.1.3 Vehicle license plate detection

we have discussed the state-of-the-art object detection algorithms to detect vehicle
LPs. LPs have peculiar features which can be exploited in various environments to
detect them as objects. We extended a standard dataset used for object detection
and included LPs in object categories for the training of object detection methods.
Exemplar-SVM and RCNN are trained with the dataset. Vehicle LP detection problems
are assumed under constrained environments which are relieved in this discussion and
have introduced additional functional requirements to cater to pragmatic situations.

It is required that LP is detected in every single frame of the video obtained from a
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moving camera and a partially visible plate is also detected.

The results obtained with the use of the developed techniques are superior to the
results produced by the state-of-the-art LP detection techniques encountered in the
literature. The object detection techniques are equally viable for LPs coming from any
region and any environment. The convolution neural networks are found efficient in
terms of the detection time to any simple image processing technique with additional
graphics card hardware. A prospect for videos is to use the redundant information in
a sequence of frames to reduce the region proposals in RCNN and increase efficiency

in terms of reduced execution time.
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