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Varumärkeslogotyper utgör en stor del av ett företags
image och deras produkters annonsering. Det representerar
företaget och dess kvalitet samt bidrar till ett positivt intryck hos sina kunder. Denna avhandling lägger fokus påatt
upptäcka varumärkeslogotyper i videosekvensen och avgör
hur pass effektivitet den är hos tittarna. Detta värde kan
användas för att jämföra reklamvideor som har produktbunden varumärkeslogotyper i den.
I denna avhandling ligger fokus även påatt genomföra
förberedande forskning för att bestämma en optimal algoritm för detektering av märkeslogotyper genom att utföra
litteraturstudie. Senare valda algoritmen genomförs pågrafisk bearbetning enhet och utvärdering av algoritmen utförs med respekt, noggrannhet, precision och minns. En ny
strategi för lokalisering av märkeslogotyper i bildrutor utvecklas och framggenomförts, som har förmatt lokalisera
flera logotyper i videorutan. Ytterligare parallellise av algoritmen utförs för att pprocessen för märkeslogga upptäckt
med hjälp av flera grafikprocessorer i klustret och resultatutvärdering av parallellisering ansträngning är Utförd.
En falt-neurala nät baserade klassificerare tränas att
klassificera inmatningsbilder till en av de elva utgklasser,
där tio klasser motsvarar varumärkeslogotyper och en klass
motsvarar No-Logo kategori. Vid förfarandet utvärdering
av klassificerare, dengenomsnittliga noggrannhet 0,63 med
standardavvikelse av 0,22 uppni korrekt classifying bildrutor i motsvarande utgklass för representativ uppsättning
videotestsekvenser. Genomsnittet logotyp lokaliseringsnoggrannhet av 0,34 med standardavvikelsen 0,28, för en överlappande tröskel på90 procent uppnmed den föreslagna metoden. Den snabbaste parallella genomtion med hjälp av
fjärr Beräkna Unified Device Architecture (CUDA) för logo lokalisering tar AP fär 6,045 sekunder per ram för den
representativa video testvektorn innehFedex logotyp.

Abstract
Brand logos constitute a major part of any firm’s image and
its products advertisement. It represents the firm and its
quality. It also makes a positive impression in the minds of
its customers. This thesis work focuses on detecting brand
logos in the video sequence and to determine its effectiveness metric as perceived by the viewers. This metric could
be used to compare advertisement videos which has embedded brand logos positioned in it.
In this thesis, the focus is on conducting exploratory research to determine an optimal algorithm for the detection
of brand logos by performing literature survey. Later the
chosen algorithm is implemented on graphical processing
unit and evaluation of the algorithm is carried out with respect to accuracy, precision and recall. A new approach for
localization of the brand logos in video frames is developed
and successfully implemented, which is capable of localizing multiple logos in video frame. Further parallelization
of the algorithm is performed to accelerate the process of
brand logo detection using multiple GPUs in the cluster
and performance evaluation of the parallelization effort is
carried out.
A convolutional neural network based classifier is trained
to classify the input images into one of the eleven output
classes, where ten classes corresponds to brand logos and
one class corresponds to No-Logo category. In the process
of evaluation of classifiers, the average accuracy of 0.63 with
standard deviation of 0.22 is achieved in correctly classifying video frames into corresponding output class for the
representative set of video test sequences. The average
logo localization accuracy of 0.34 with standard deviation of
0.28, for an overlapping threshold of 90 percent is achieved
with the proposed method. The fastest parallel implementation using remote CUDA for logo localization takes approximately 6.045 seconds per frame for the representative
video test vector containing Fedex logo.

Contents
1 Introduction
1.1 Introduction . . . . .
1.2 Research questions .
1.3 Research approaches
1.4 Thesis outline . . . .

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

3
3
4
4
5

2 Background
2.1 Significance of brand logo detection in videos: . . . . . . . . . .
2.1.1 Challenges and considerations in logo detection: . . . .
2.2 Machine learning . . . . . . . . . . . . . . . . . . . . . . . . . .
2.2.1 Types of machine learning methods . . . . . . . . . . .
2.3 Convolutional architecture for fast feature embedding CAFFE .
2.4 Remote CUDA . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.4.1 Architecture of rCUDA framework . . . . . . . . . . . .

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

7
7
8
9
9
12
13
13

3 Literature study
3.1 Available methods in current literature . . . . . . . . . . .
3.1.1 Various method description . . . . . . . . . . . . .
3.1.2 Finding an optimal method . . . . . . . . . . . . .
3.2 Convolutional neural network - The optimal method . . .
3.2.1 Architecture of convolutional neural network . . .
3.2.2 Spatial pyramid pooling based CNN . . . . . . . .
3.2.3 Problems faced by CNN . . . . . . . . . . . . . . .
3.3 Overview of computing hardware . . . . . . . . . . . . . .
3.3.1 Overview of GPU architecture . . . . . . . . . . .
3.3.2 Comparison between CPU and GPU architectures
3.4 Theory on parallelization . . . . . . . . . . . . . . . . . .

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

15
15
15
19
19
22
24
27
28
28
30
31

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

4 Methodology, design and implementation details
4.1 Methodology and implementation details on Nvidia GPUs . . . . . .
4.1.1 Implementation details for training the network . . . . . . . .
4.1.2 Modification of CAFFE code to add support to execute code
on remote GPUs . . . . . . . . . . . . . . . . . . . . . . . . .

33
33
34
37

4.1.3
4.1.4

Implementation of brand logo frame level classifier and localizer 38
Implementation details for multi GPU support . . . . . . . . 52

5 Experimental results and evaluation
5.1 Hardware Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.2 Evaluation of the classifier used for brand logo classification: . . . . .
5.2.1 Experimental method to find an optimal model for the classifier:
5.3 Parameters related to brand logo localizer . . . . . . . . . . . . . . .
5.3.1 Position of the logo . . . . . . . . . . . . . . . . . . . . . . . .
5.3.2 Maximum Size of the logo . . . . . . . . . . . . . . . . . . . .
5.3.3 Visibility time of the logo . . . . . . . . . . . . . . . . . . . .
5.3.4 Effectiveness value of the logo . . . . . . . . . . . . . . . . . .
5.4 Performance evaluation of parallelization process . . . . . . . . . . .
5.4.1 Timing frame level classification of logos . . . . . . . . . . . .
5.5 Localization of brand logos . . . . . . . . . . . . . . . . . . . . . . .

57
57
57
58
62
62
62
63
63
65
66
67

6 Conclusion and future work
6.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
6.2 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

69
69
70

Bibliography

73

Appendices

75

A Impact of number of training iterations on classifier characteristics 77

Glossary
CAFFE Convolutional Architecture for Fast Feature Embedding. 12
CNN Convolution Neural Network. 10–12, 18, 19, 21–25, 27, 33–35, 37, 39, 53, 67
CUDA Compute Unified Device Architecture. 12, 13
GPU Graphical Processing Unit. 67
rCUDA Remote Compute Unified Device Architecture. 12, 13, 37
ReLU Rectified Linear Unit. 21, 22, 24, 25, 37

1

Chapter 1

Introduction
Pattern is defined as regularity in data as perceived by humans in the form visual,
auditory, haptic and olfactory cues. Human brain is well equipped in identifying
patterns in their environment, it has been possible by humans to identify regularity
in the data due to the presence of memory. Visual perception is one of the most
interesting and powerful feature of human beings. There has been a lot of research
in understanding capability of human brain in recognizing visual patterns, but still
the process behind identifying complex patterns is a little understood subject in
neuroscience [31]. Hence the task of detecting brand logos in video is a complex
task and has been a long standing problem in computer vision, the goal of the thesis
work is to identify an ideal algorithm for this task.

1.1

Introduction

The process of detecting objects and patterns in video sequence is a challenging
task. The occurrence of brand logos in different size, shape, rotation angle, skewness and due to presence of occlusion effects makes the detection of brand logos in
a input video stream a daunting task. But there is a dire need of automating the
process of brand logo detection and measurement of effectiveness of the same in
video sequences. The reason is due to the fact that manual detection and characterization of brand logo in video sequence is an arduous and error prone task. One
more reason is that by automating the task of brand logo detection in video stream
or in humongous amount of stored movie data a lot of human effort can be avoided.
In computer vision, there exists a large number of algorithms to solve the problem of pattern recognition, but there is research in the direction of determining optimal algorithm for detection of brand logos type of patterns in the video sequence.
Hence there is space for research in the direction of determining optimal algorithm
for brand logo detection in videos. The optimality of an algorithm depends on
various parameters related to algorithm, application and the target platform. The
purpose of this work is to find an optimal algorithm for the detection of brand logos
in video streams and to evaluate the working of algorithm on the target platform.
3
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1.2

Research questions

As discussed in the introduction, the direction of research is towards identifying an
optimal algorithm for solving the problem of automatic brand logo detection. The
research questions that will be focused in this thesis are as described below, in this
the first research question focuses on the aspect of finding an optimal algorithm
based on
• RQ1: How to determine which is an optimal computer vision based
algorithm that can be used for the purpose of brand logo detection
?
This research question is answered by performing the study of previous work
in the respective domain to determine the optimal algorithm for the detection
and localization of brand logos in the video stream on the target platform. The
chapter 3 further explains the process of determining the optimal algorithm
from the current work.
• RQ2: How to evaluate the algorithm and determine effectiveness of
brand logos in the video streams using an optimal computer vision
based algorithm ?
This research question is answered in chapter 5 of the report, which evaluates
the algorithm used for the classification and localization purposes. The same
chapter also explains the process of determining effectiveness of the logos in the
video stream using a quantitative formula involving various related variables.
All the variables that are related to the effectiveness parameter are determined
during the literature study.

1.3

Research approaches

In the domain of scientific research, there exists many methods that could be used to
conduct research to arrive at conclusion about a topic and also to answer a research
question. Foremost step of the process is to determine the type of research method
that will be used in this thesis project. In the process of deciding upon a research
method, there is involvment of careful analysis of research question to be answered,
availability of data for research, nature of the data and the process of obtaining
data required for deriving the results and conclusion.
The process of defining a problem statement involves, in depth understanding of
the current research in the area of interest. Literature study in the area of interest
was performed to get valuable insights about unsolved problems, it also provides
necessary knowledge for understanding recent developments in the field.
During the literature study phase of the master thesis, qualitative methodology
as mentioned in [21] will be used to understand the current problems in the field
of research. Research approach would be of inductive in nature to understand the
4
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influence of various variables in the context of answering the research question.
Inductive approach is suitable in the context of current research question, since in
this approach, data is collected with exploratory research strategy to determine the
relationship between the variables and the phenomenon [21]. The research question
of finding an optimal algorithm for brand logo detection in video stream requires
understanding of various variables namely efficiency of the algorithm, accuracy rate
of detection, implementation feasibility and many more factors. Hence the task
of determining optimal algorithm can be carried out by exploratory research to
determine the relationship between the variables [21] by means of surveying the
previous work in the field. The objective of the surveying previous work is to find
the optimal algorithm for detection task and the reasons for choosing the same in
the given context. The literature part of the report, chapter 4 describes various
state of the art methods, the process of comparison and preferences for choosing an
optimal method.
Further, the focus of the project is to improve the current state of the art algorithm method to solve the practical problem of detecting brand logos in video
stream. In order to accomplish the task, method of applied research under quantitative research methodology [21] will be used. The methodology of applied research
deals with solving practical problems as the one in question. It is a type of research
methodology that benefits from previously researched methods in the field of interest to construct further to solve a practical problem. Since the problem statement
in focus has been a long standing issue in the area of computer vision, the research
work can be benefited from the results obtained from work of earlier researchers in
this field [21].
The research approach adopted for this task is of deductive in nature, in this
method various experiments are conducted in order to collect data during the detection task in a video stream. Collected data is analyzed to obtain valuable metrics
such as accuracy, time taken for detection, recall, precision and effectiveness measure of the logos in the set of validation video streams. Deductive approach fits
perfectly for the research question, since it involves various variables and also there
is a need for understanding causal relationship among them. Data presentation is
the process of representing the collected data during the process of research using
graphs, text and tables. Also it will be ensured that the collected data and results
are repeatable and reliably documented in the report. Also the experimental support for conducting research starting from training till the detection, classification
and localization will be discussed in chapter 4.

1.4

Thesis outline

This thesis is carried out in two phases, during the first phase an exploratory research is carried out in currently available literature to determine the optimal algorithm for the detection of brand logos in the input video stream. The process of
literature study is explained in Chapter 3 of the report. The outcome is a method
5
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that is suitable for the implementation and evaluation purposes. Second phase of
the thesis is the implementation part that is carried out to show that the optimal
algorithm that is determined in phase one actually works. The reasoning, technical
details about the architecture of the optimal algorithm is presented in Chapter 3
of the report. Implementation details about the classification and localization algorithm is explained in Chapter 4 of the report. In Chapter 5, the results of the
implementation along with the tabulation, graphs and other important computed
parameters are presented to the reader. Details about the development process
to enable working of remote CUDA with CAFFE is also documented. Necessary
background for the topics that are dealt further in the report are documented in
the background details Chapter 2. Finally in chapter 6, the conclusion about the
thesis topic and the future works that could be carried in this domain is explained.

6

Chapter 2

Background
Advertisement is defined as a medium of publicizing or promoting an event, product
or service in public in the form of notice or announcement [2]. It can be in the form
of short video clips, brand logo images, text based banners and various other forms.
Due to the advent of digital media technology, most of the advertisement and process
of brand awareness creation has been revolutionized in large extent.
Brand logo based advertising is one of the many forms of advertisements using
digital media. It is defined as the graphical representation of a company, people
or an organization [35]. Embedded marketing is the form of advertisement which
lacks ads in explicit form [4]. But it contains relevant information in the form of
embedded entities such as brand logos in the main content such as movies, short
clips, news or sport event [4]. Placement of brand logos in short video clips, movies
and sport events is the most prevalent form of embedded marketing and it has been
vastly benefited with the advent of digital media technology[4].

2.1

Significance of brand logo detection in videos:

In the current scenario, where there is an ever increasing growth of digital data at
the rate of 40 percent each year as per a recent study by EMC digital universe [16],
there is a need for an automatic way of analyzing the data generated. The same
reasoning holds in the case of detecting brand logo patterns in video content such as
commercials, movies and other short clips. Automatic way of detecting brand logos
in videos will reduce the time and effort of determining the effectiveness of logos
in video commercials. Effectiveness is measured by the position of brand logo in
the image frame, its timing, visibility time, its reference with the story line and of
course the popularity of the event or movie influences the viewers to remember the
brand logo in their implicit memory [36]. Also it is noticeable that the placement
of logo in a movie plays a major role in determining its effectiveness [36].
Determining the value of effectiveness of a brand logo in a video sequence of an
event is a challenging task. The detected brand logos and its effectiveness determines
7
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the advertising value of a video sequence of an event. This information is used by the
companies to rethink their brand logo design and placement in an event situation
or in a movie.
On the other hand there is a huge provision for using brand logo detection in
videos to curb piracy of movies by detecting brand logos in movie content. This
also helps the movie franchises to retain copyrights of their movies and increase
their revenue. The copyrighted movies can be detected based on the presence of
brand logos in the movie and the movies containing copyrighted logos posted in
non-permitted websites can be detected and blocked.
In the area of movie recommendation systems, brand logo detector could be
used to generate tags based on the presence of logos in the movies. Movies with
product placements can be distinguished from others. The tag words generated can
be used to increase the richness and accuracy of the recommendations for the users.
In retail business, brand logo detection in video plays an important role to increase
the productivity of its operations. Automatic brand logo detection could be used
to identify counterfeit products and reduce the risk of loss.
Automatic brand logo detection could be used along with Google glass [23] to
provide the users with an option of visiting the website of the detected logo. This
could revolutionize entire retail industry by involving virtual reality to enhance the
customer buying experience. Automatic brand logo detection could be integrated
to virtual reality device to enable users to visit on-line retail store of the detected
brand logo saving valuable time of the users.

2.1.1

Challenges and considerations in logo detection:

As discussed earlier, the task of detecting patterns in the images is a complex and
error prone task. Human brain is capable of detecting and identifying complex patterns in images, but to perform the identical task using a computer is a challenging
task. Given the fact that brand logos could appear in the image in a wide range
of colors, shapes, sizes the detection algorithm should be capable of detecting and
localizing the brand logo patterns in an image frame.
To understand the complexity of the detection process, there is a need to investigate about properties of the brand logo patterns. The features of the brand logos
that makes them difficult to identify in image frames are as follows
a. Varied shapes and sizes of the brand logos present in the market.
b. Continuous change in appearance of the company over the years.
c. Appearance of logos in varied colors and textures.
d. Presence of logos on different kind of objects.
8
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Brand logo designers think of a lot of design features before using it to represent
their company. The features described above enables the company’s logo to be
more appealing and distinguishable from the background. These properties of logos
make logo detection task challenging. On top of this there are other factors that
make brand logo hard to detect in image frame. The presence of patterns that are
identical to the brand logos in the image. These identical patterns will result in false
detection of the brand logos. Also in order to determine the brand logo, there is a
need for detecting boundary of the brand logos in the image. The chosen algorithm
must be capable of detecting logos in varied size, shapes and in the presence of other
morphological transformed patterns. The pattern detection task in images can be
split into a three different tasks namely classification, localization and detection
in increasing order of complexity. The image features that creates hurdles for the
detection of brand logos in the image are as follows
a. Varied shapes and sizes of the brand logos in the image.
b. Position of the brand logo in the image frame.
c. The presence of occlusion from other objects.
d. Various transforms over the brand logos in the image namely rotation, translation, scaling and other affine transforms.
e. Presence of other environmental factors such as lighting conditions, reflections
etc in the images.

2.2

Machine learning

Machine learning is a method in which computer is able to learn to do a specific task
on its own, either by learning the method over a period of time or autonomously
through artificial intelligence. In other words it can be defined as the science of
getting the work done by any computing machine, without explicitly programming
it [26]. High level classification of machine learning techniques based on different
learning methods are as follows,

2.2.1

Types of machine learning methods

a. Supervised learning method: In this method the computing machine learns
based on the labeled input and labeled output data, by determining the statistical pattern among the inputs and outputs. The learning process is termed
as "training", in which the compute machine learns to do the task of classification, of its input to one of the output classes. Output of the training is
a model that is used during the deployment phase, where in new inputs are
presented to the compute system and the compute machine needs to predict
the output. In the case of a classifier, the compute machine needs to classify
9
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the input into one of its output classes, as in the case of brand logo detection.
The images are grouped into test and validation set of images before training
the CNN. The figure in 2.1 describes this method, with deployment and the
training part separated out.

Training part

Raw Data

Feature
Extraction
Train the
model

Model

Eval Model

Labels

Testing part

New Data

Feature
Extraction

Predict

Labels

Figure 2.1. Supervised learning method [12]

b. Unsupervised learning method: Unlike supervised learning method, in unsupervised learning method the input and outputs are not labeled, the computing machine has to determine by itself to produce output for a given input, by
learning the structure of the input. In this method, lack of labeled data disables the usage of reward system to train the network, the compute machine
needs to be able to determine the hidden structure from the presented inputs.
K-means clustering is an example of this method [1]. Figure 2.2 describes this
method with the help of adaptive computing unit.

Output Y
Input X

Computing unit with
adaptive parameters

Figure 2.2. Unsupervised learning method
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c. Semi-Supervised learning method: In this method, some of the inputs are labeled, but some of them are not labeled, this makes the compute system to
learn based on some of the labeled data, but needs to learn the structure of
the input to improve the prediction results [1]. General classification and regression problems use semi-supervised learning method. Figure 2.3, describes
the semi-supervised method in block diagram, that uses a lot of unlabelled
data for the training purposes, the testing part of the block is similar to the
unsupervised learning method.

Training part

Feature
Extraction

Raw Data

Train the
model

Model

Eval Model

Labels
(Labeled +
Unlabeled data)

Testing part

New Data

Feature
Extraction

Predict

Labels

Figure 2.3. Semi-supervised learning method

d. Reinforcement learning method: In reinforcement learning method environment provides feedback, and the input is for stimulating the model, which
reacts to the environment. The reward and punishment is decided by the
environment for any given model in this method of learning. Always there is
effort from the model to maximize the rewards obtained from the environment.
The block diagram in figure 2.4 describes the reinforced learning method.

In this thesis work, supervised learning method is used in the form of convolution
neural network and backward error propagation algorithm is used for training the
network. The training process consists of the grouping of images into training and
validation set of images. The steps involved in training the CNN is explained in
4.1.1.
11
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Environment

Action from
computing machine

Reward from
environment

Computing machine with
adapting weights

Figure 2.4. Reinforced learning method

2.3

Convolutional architecture for fast feature embedding
CAFFE

CAFFE is a comprehensive open source modifiable platform that provides support
for deep learning for multimedia enthusiasts and machine learning practitioners [24].
It also provides pre-trained reference models for the ease of understanding, in order
to modify the models and create one of our own. The major features of CAFFE
framework is that it is highly modular and written in C++, with other interesting
modifiable features. In the 90’s, CNN became popular and the deep learning experts
at that time had to hand code the training infrastructure and then train to publish
their results. With the development of CAFFE framework, the training time has
been drastically reduced. Since defining the network and getting image inputs is a
fairly easy task.
With the advent of CAFFE, it has been used in large scale image classification
task, like detection of brand logos in a image, which is further extended to classify
video frames into one of the output classes. CAFFE not only has a well defined,
easy to create reference models. It has a well defined input and output structure,
the communication between various layers of CAFFE is through four dimensional
elements called blobs [24]. The custom models defined by the users are stored as
Google Protocol Buffers, which is in human readable format, and there is other
benefits such as smaller binary size when serialized. The blobs mentioned earlier
are a set of parameters, batches of images that are transferred from one layer to
another within a model [24]. This framework provides a easy to deploy pre-trained
CNN models for quick deployments, and also CAFFE is capable of training any
directed acyclic graph to obtain models. Hence CAFFE framework is used for
implementation of brand logo detection.
12
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2.4

Remote CUDA

Remote CUDA is an application framework which enables a computing system with
no GPUs to access remotely available GPUs. This framework can be used to access
any number of remote GPUs as server from a single client (without GPUs). The
remote access feature is enabled by Internet, any server computer which has GPU
in it can be accessed, provided the server has its own IP address and has public
access. The servers have to be reachable from the client, this enables the client
to compile the CUDA enabled code base locally and run the program remotely on
remote GPUs.
There is an extra overhead added by rCUDA stubs, which are part of the framework. This overhead is negligible provided that it enables the system with no GPUs
to be able to access remote GPUs. The stubs at the client side provide a local compile environment, that enables local compilation of any cuda based program, all the
cuda functions related to the corresponding device is then executed on the remote
GPU, where it is intended to. The rCUDA server application should be made always
listening to a port number for the requests from a client. Hence the architecture
here is of type multiple servers and a single client(usually with no GPUs). With the
increase in demand for fast and efficient computation, GPUs have been a goto set
of hardware used for computing purposes. The problem is that the GPU hardware
is quite costly and there is need for reuse of the resources, this paved the path for
the development of rCUDA.
Virtualization of the hardware resources such as GPUs. In a compute cluster
only few of the systems might contain GPUs and rest all the nodes in the cluster can
make use of GPUs through the process of Virtualization [29]. Few advantages of the
remote CUDA application are that, it saves energy, maintenance becomes easier,
Virtualization opens up endless possibilities to achieve better computation results,
enables concurrent hardware usage and provides a transparent way of executing
cuda based applications from any of the node in the cluster containing rCUDA
enabled servers in the cluster. It is also noted that the overhead in computation
time is less than 4 percent [29].

2.4.1

Architecture of rCUDA framework

Remote CUDA works on the principle of client and server. The architecture of
a single server and client with no GPU is as shown in figure 2.5. On the client
side, any application containing cuda functions uses the lower layer cuda runtime
support, which is linked to remote server over the network, that contains GPUs.
Several environmental variables have to be set in order for the linking process to
get completed. First of all, the environmental variable that defines the number of
remote GPUs that are available for computation has to be specified. Secondly, the
IP addresses for each GPU has to be specified as an environmental variable. Along
with the IP address, the port number on which the server will be listening needs to
13
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be specified. After these steps, rCUDA forms a seamless platform for the client to
access remote GPUs on the server over the network. CUDA has to be installed on
the client side, even though there are no GPUs, by skipping the driver installation
part, this enables local compilation and remote execution of the cuda functions.

Figure 2.5. Architecture of rCUDA [29]

On the server side, there is a need for the listener executable to be always
listening for the requests from the client, in order to serve the client’s request for
using GPUs over the network. The rCUDA framework has an executable that
could be run along with the port number that it will be actively listening to the
requests. There is also provision at the server side to have many concurrent servers
listening at multiple ports for different GPUs, which helps during parallel processing
of computationally intensive applications. The server listener executable can be run
as daemon or can also be executed in the interactive mode of operation. During
the thesis work, remote CUDA was used along with CAFFE to enable execution of
CAFFE code on remote GPUs. In order to enable the CAFFE code to use remote
GPUs, few crucial changes in CAFFE code was carried out.
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Literature study
In any pattern recognition problem, the major challenge is to distinguish required
pattern from its neighborhood without any ambiguity. Hence the feature extraction
method needs to be accurate enough to identify features of a pattern in a given
image. There are two types of features, namely local features and global features.
Local features of the invariant features that differ from its immediate neighbors, it
can be edges, color, intensity and texture [34]. In order to have a higher accuracy
the features must be robust, invariant to transforms and distinct, so that later it
can be compared with the features obtained for reference pattern. Global features
represents an entire image content, the features may be colors of the image [34]. It
is used for representing image content, when the images have distinct colors, but it
cannot be used for localization of the logos.
The following text describe some of the major methods that uses local and global
features that could be used for detecting brand logos in images. The goal of this
exploratory research is to find the optimal algorithm that would classify and localize
brand logos.

3.1

Available methods in current literature

This section deals about the methods that are described in the literature as of
today. It also explains about the shortcomings, assumptions and other important
key points of various methods to help in deciding the optimal algorithm that can
be used for brand logo detection.

3.1.1

Various method description

Shift invariant feature transform (SIFT) descriptor matching method is the most
common method used for the pattern recognition purposes. SIFT method focuses
on finding the keypoints in the image by computing difference of gaussian blurred
images in different scale. Later local extremas are determined using a 3 X 3 window
in multiple scales. After determining the kepoints, the scale, position and domi15
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nant orientation of the keypoints are determined. Lastly, the keypoint descriptor
is computed by decomposing the image patch around the keypoint into 4 X 4 tiles
and 16 different histograms with 8 orientation bins are computed to produce a 128
dimensional SIFT descriptors.
In Speeded up robust feature (SURF) a similar method is used but the difference is that the box filters are used along with the integral images to compute a
64-dimensional vector that is used for representing descriptors in an image. Hessian matrix method is used to obtain SURF keypoints from the image [5]. All the
SIFT/SURF based methods rely upon comparing SIFT/SURF descriptors to find
the best match for the queried image. Both in the case of SIFT and SURF methods, the interest points are determined to represent the local distinctive features of
the images. Although SIFT or SURF descriptors are scale, rotation and position
invariant but there are highly perspective tilt dependent. For example the descriptors of affine transformed images are less likely to be matching with the non-affine
transformed logo image. Since the logos can occur in various tilt perspectives in the
image frame, the SIFT or SURF descriptor based matching approach is a suboptimal solution. Also both SIFT and SURF methods are susceptible to blurring and
other lighting conditions in the environment, which is common in the case of brand
logo detection.
In the domain of geometric methods, the geometrical features of the logos are
considered for the detection and identification of logos in the input images. Few
researchers have considered this approach to accomplish the task of logo detection
in images and document images. Few of the related work are explained in this
section to attain better understanding of the methods and the shortcomings of the
discussed geometric methods.
One of the approach to detect logos in the document images emphasize on
using geometrical invariant features as in [14]. In this paper, authors focus on
creating an invariant signature that uses local affine features of the logo to enable the
detection process. They use euclidean invariants to capture the affine features which
are further used for logo detection, feature extraction and for matching purposes
[14]. The signatures obtained from this method are geometrically invariant and
highly discriminative for a particular logo, which is based on shape of the logo.
The proposed method is highly robust to several geometric transformations such
as rotation, translation and scaling. The comparison of the signatures obtained
from this method makes it more computationally intensive and also the detection
of multiple instances of various logos in a image frame requires sliding window
technique [14].
Later in year 1998, a new method for proposed to detect logos in the scanned
images based on geometrical features as in [32]. Soffer et.al in [32] used the concept
of identifying logos by using the negative shape features for similarity matching.
The main idea of this approach is to enable the detection of shapes by computing
the positive and negative areas of the logo in the scanned image. Further the logo
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is represented as feature vectors containing both global and local shape descriptors.
The global geometrical feature descriptors are first invariant moment, circularity,
eccentricity and other rectangular properties of the logo shape are computed [32].
Also local shape descriptors such as horizontal gaps per total area, vertical gaps
per total area and the ratio of negative area to the total area are computed. The
similarity matching technique involves of finding the near similar logo among various
classes of logos in the database. The shortcoming of this approach is that the
feature vector computing algorithm requires for the input images to be bounded
by rectangles prior to detection process, hence the task of logo localization and
identification becomes an exhaustive task.
One more approach based on geometrical features for the detection of logos
in video stills was suggested by Hollander et.al [13] in year 2003. Authors chose
to address the problem of detecting logos in video stills using template matching
of strings obtained from the input video stills and original logo pictures. The assumptions made by the authors were that the logos will always be embedded in
the homogeneously colored background such as sports event videos and the logos
are bright colored and easily recognizable from the background[13]. The process of
logo identification involves finding of homogeneously colored region of pixels on the
HSV representation of video stills, to detect black and white regions. The approach
of detection uses sliding window technique of a heuristically chosen sizes for hue
values to enable detection of all colors and intensity values [13]. Involving intensity
attribute of the image still makes the detection process to be highly susceptible
to lighting conditions. Further, a morphological operation of closing in applied to
the obtained image and white regions that have an area greater than the threshold
are chosen to perform sobel edge transform to obtain the boundaries of the edges
[13]. The logo classification task involves identification of the line that covers the
maximum pixels across the logo image using hough transform, the obtained line
is invariant to position but is influenced by scale transformations. This string is
unique for the logo to be classified, hence the template matching method of strings
is used to find the identical logo from the database. This approach has serious
shortcomings due to varied light conditions, shapes of the logo, partial occlusion
and other affine transforms of the logo in the natural scenes.
For any given input image the objective of feature extractor is to generate an
feature that is unique and so that it can be used further by the detector to detect it
without any ambiguity. Maximally stable extremal regions (MSER) is one of such
methods that uses the concept of matching a distinct feature of a particular region
in the image to detect an object based on template matching. Images contain
a set of regions that are highly distinguishable from it surroundings, and all the
pixels in a given region have similar properties. The characteristics of an image
that are considered for classifying a set of pixels into a region could be based on
intensity value of the pixels. In order for the comparison with the reference data the
locally affine frames are constructed based on the outer boundaries of these MSER
regions in a affine covariant manner, which will be later used for matching purposes
17
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[7]. The advantages of this method is that there is no need for training the setup
and also the local affine frames obtained from this method are highly robust in
nature, hence it can be used for logo detection. The major disadvantage is that the
predicted MSER regions are large in number, which makes the detection process
more computationally intensive.
One more interesting method of logo detection is as proposed by Pham et.al [28]
in year 2011 on document images. The main idea in this method is to determine
the contour of the logos in the images by determining contour based features. An
outer contour strings (OCS) are obtained from the line segmentation and contour
detection, later these regions are marked as the ones containing logos. This process
is carried out for the entire document to find the features in the form of OCS and to
localize the regions with the probable logos in it [28]. Later the finer refinements are
carried out by using a gradient based representation method to correct the position
of the detected logos in the document. It has to be observed that this method fits
only for the document images. The key point to be noted from this paper is the
idea of correcting the regions based on the finer features of the logos and employing
regression technique to find the OCS corresponding to logos. Similar method is
used by object localizers using convolutional neural networks.
It is clear from the last paper that there has to be combination of two methods
to solve the problem of pattern recognition let that be on a document images or on
video stills. Hence in the next method both SURF key-points and spatial context
information of these key-points are used to detected the brand logos in video stream
as described in [18]. The two methods used for logo localization are spatial-spectral
saliency and partial spatial saliency. In the first method, the logo is localized by
removing the redundant information from the image using the approach in which
the only the high frequency part of the image is restored. It is assumed that the
logo falls in the higher frequency region when inverse discrete Fourier transform is
applied to the image. This is the spectral-saliency part of the algorithm, in the
spatial saliency an experimental threshold is used for the filtering purposes, for
each of the candidate regions a sum of absolute difference of colors and textures are
calculated and only the ones that satisfy the threshold are taken into account for
further processing.
In the later stage, the partial spatial saliency is calculated, that is nothing but
embedding spatial information of the SURF points, by representing these patches
in the form of a nine bit vector. This nine bit vector is calculated as follows, firstly
the geometrical center and the average scale is calculated. Secondly, A minimum
bounding round (MBR) is calculated to fit the region. Finally, this round is split into
9 different regions and partial spatial saliency (PSC) is calculated for each of the nine
segments. This gives a feature vector representing a region with logos and this can
be compared with the reference PSC to determine the matching and thereby enable
the detection of logos in the video stream. The PSC has nice qualities such as, it is
scale and rotation invariant, but the whole process is highly susceptible to brightness
and non-logo regions that have higher frequencies that their neighborhood.
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It is clear from the previous method that, even though logos have a higher spectral value, this feature cannot be used to clearly separate it out from the higher
frequency neighbors. Hence the methods that are based on shapes are further discussed which might help in determining the optimal algorithm. One such supervised
learning method are convolutional neural network, which are biologically inspired
structure that are made up of neurons, that enable computers to learn from observational data and later could be used for classification of input pattern [27]. CNN
is used to solve computer vision problems, that are related to pattern recognition.
The latest paper using CNN proposed by [33] uses the CNN feature extractor to
further detect and localize the logos on vehicles. Our problem of brand logo detection is also quite similar to this, and one stand out feature is that, after training the
CNN, the accuracy of detection is the highest among the vehicle logo detectors. The
structure used for detection is as follows, firstly the CNN is used for feature map
extraction, later it is used for pyramid of histogram of gradient calculation module
and later a support vector machine is used for the classification part [33]. The classification is made robust by using cascade of classifiers in order to reduce the false
positive cases, hence the detection and localization accuracy is higher. The input
to this network is exactly similar to the problem of detecting brand logos. Hence
this method is very closely related to the method used for implementing the brand
logo detector.

3.1.2

Finding an optimal method

Now, it is clear that the algorithm used for brand logo detector should be looking
for shapes of the logos rather than other parameters, and it should be able to detect
logos in partial occlusion, multiple sizes and also the algorithm should be computationally less expensive to be able to run on an embedded device. As described
in the last section, the optimal algorithm that satisfies most of the requirements is
based on both CNN as a feature extractor and spatial pyramid feature to enable the
algorithm to detect logos of different sizes efficiently. The combination of these two
features is in the form of spatial pyramid pooling based convolutional neural networks (SPP-CNN) described in [22], this supervised algorithm method is deduced
as the most optimal method for the detection of brand logos in the video stream.
It is to be also noted that the SPP-CNN algorithm mentioned before is capable
of detecting multiple logos in a video sequence, if the deployment code base is
modified to be able to do so. Hence, it is decided that SPP-CNN is used for both
as frame level classifier and also as localizer for multiple logo detection in a input
video stream.

3.2

Convolutional neural network - The optimal method

Neural networks are biologically inspired statistical models that are used for recognition and classification tasks. One more name of these networks is artificial neural
19
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network, since they are almost identical to the working of a neuron in animals.
The neurons that are responsible for vision in animals are at retina. A neuron in
machine learning perspective is a function generation entity that can generate a
function by using its inputs and weights to generate output. Typical structure of a
decision making neuron is as shown in the figure 3.1 [30]. Each neuron has its own
type of activation function.

Figure 3.1. A typical neuron as function generator [30]

The output of a neuron is sum of product of input real value X[i] and the corresponding weights W[i]. These neurons are the basic building blocks of an artificial
neural network. The changes in the primitive function mapping, interconnections
and the transmitted information enables designers to create neural networks to perform various recognition related tasks. The neural networks required for computer
vision tasks have different structure from networks for other tasks, similar to biological neural networks. The neural network in retina of animals are formed by
combination of several neurons and interconnections. In the lines of creating a neural network system that mimics the working of retina, the following neural network
arrangement as shown in figure 3.2 is proposed. In this the main part is the retina,
which transmits binary values to the connected projection neurons, that process
the information and send it to the following neurons in the association layer. This
arrangement is used to train the weights of the connections that are in place to
mimic the working of retina [30]. This is the basic principle of computer vision task
based neural network.
The machine counterpart of neurons in the retina are made from a group of
neural network layers in a feedforward manner. These are called convolutional
neural networks. In these types of network individual neurons are tiled in a manner
to mimic the behavior of a visual field [9]. Multi layer perceptron (MLP) is a type
of neural network, which has a feed forward structure that is fully connected to the
following layers in a directed acyclic manner. Convolutional neural networks used
for large scale image recognition tasks contain multilayer perceptron.
The activation function of a neuron described before, are crucial in defining the
time required for training the network. There are various types of activation function(f) used in CNNs, the major types are namely sigmoid based, tanh based and
ReLU based. Each neuron takes a number as an input and applies the corresponding
activation function to produce the results. Each of these activations have a different
20
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Figure 3.2. A typical retina [30]

function involving weights and the input. Generally used activation functions are
as described below,
Sigmoid: It is a mapping from the input number to a output number, which
squashes the input real number to be a value from zero to one using the equation
as described in equation 3.1 . It is always desired that the output of any activation
function to be centered around zero, in order for the stochastic gradient descent
method to work in order. Since the output of the sigmoid becomes almost zero for
the values that are squashed near to zero, this activation function is not used in
latest CNNs [11].
σ(x) =

1
1 + e−x

(3.1)

tanh: It is a mapping of input number to a output number between [-1,1], and
the output is zero centered. The equation that will be used for mapping purposes
is as in equation 3.2 This is better than the sigmoid function in the manner that
even though there is saturation the output is zero centered [11]. Given a choice ,
tanh nonlinearity is preferred over sigmoid based activation function for a neuron.
σ(x) =

ex − e−x
ex + e−x

(3.2)

ReLU: As described in paper by Krizhevsky et.al [25], a newly used activation
function is ReLU, that is basically a threshold to zero. All the negative values are
clipped to zero and the positive values are retained. The mathematical model of a
ReLU neuron is as described in equation 3.3. Nowadays, CNN designers always use
ReLU, instead of the other two activation function, the reason being that it is much
faster for convergence when using stochastic gradient descent method and also it
is computation wise faster. The only problem with the ReLU activation is that it
can make a neuron become inactive if the learning rate is set too high, by making
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the gradient value of the neuron to be zero. This case happens when there is large
gradient value flowing through the neuron, which makes the neuron inactive in both
during forward propagation and during backerror propagation of the convolutional
neural networks [11].
σ(x) = max(0, x)

(3.3)

The mapping functions for sigmoid, tanh and ReLU case are as shown in the
figure 3.3. Two more not so popularly used activation functions, but which have
high potential are the leaky ReLU and max-out activation functions. The leaky
ReLU solves the problem of dying or inactive neurons, by making the negative side
just below zero (may be 0.01) [11]. The maxout activation is the generalised form
of the activation function that has benefits of both leaky ReLU and ReLU, it has
the form as described in equation 3.4. The equation 3.4 comprises of both max, and
ReLU case in it, this makes the number of parameters to be more than the other
activation functions [11]. The convergence time during the training is more when
compared to other activation functions.
σ(x) = max(((W T ∗ x) + a), (V T ∗ x) + b))

(3.4)

Figure 3.3. Activation functions of a neuron

3.2.1

Architecture of convolutional neural network

Every convolutional neural network contains a feature extractor in the form of convolution layers, including a non-linear max pooling layer and finally a fully connected
layer, followed by an output layer. In this case input to CNN is a two dimensional
image of a predefined size and the output of the CNN network is the prediction
value that specifies that the input image belongs to one of the predefined set of
22
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Figure 3.4. structure of a Spatial pyramid based CNN

output classes. The general structure of the CNN network is as shown in the figure
3.4.
The first step in CNN are usually multiple convolution layers, which are aimed
at extracting required local features for the classification purposes. Multiple convolution layers have different kernel size to extract the local features such as lines,
curves and edges from the input images. One difference from the conventional
convolution is that the weights and biases are not hand coded but they are obtained during the training of the network. During the training of the CNN network,
the adaptable parameters are set by using back propagation technique. In simple
words, back propagation technique is about obtaining the partial derivatives of the
cost function of the CNN network with respect to its each and every weight and
bias. By backpropagation the weights and biases are obtained for a CNN network.
Back propagation involves two steps, in the first step the feed forward step, the
input image is classified into one of the output classes, in the second step, the error
in classification is determined and propagated backwards in the CNN to adapt the
weights and biases of the network [15].
The local features extracted from the image must contain just enough information about the input pattern and its classification results. This information is
embedded in the form of kernel values, weights and biases during training of the
network, this enables the further classification of the newer test images. During
training process, the kernel parameters such as the width and height of convolution
window, subsampling information have to be varied to get the desired accuracy.
Spatial pyramid pooling based CNN is as described in the figure 3.4, various sizes
of the feature map is mentioned in the figure. The structure has a spatial pyramid
layer in between the convolutional layers and the fully connected layers. With a
larger window, the extracted features will contain more granular information than
local features, there is tradeoff in choosing the window size, this parameter has
to be set by tracking the validation accuracy and feature map characteristics. As
the depth of the layers increases, the extracted feature becomes more granular in
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nature, this helps in classification in the following fully connected layers.
Usually after every convolution layer, there is a pooling layer, in this, a group of
values are mapped onto a single value. This reduces the quantity of information that
flows from lower layers to the higher layers. This is done in order to make the CNN
translation invariant, this increases the robustness of CNN for small translation of
the objects in the image. There are two types of pooling namely, average pooling,
max pooling. In average pooling, average of the group of values is sent to the
next layer. In max pooling, only maximum value among the group of values is
sent as information for the next higher layer. Pooling reduces the complexity by
transferring just enough information and makes the CNN to be computationally
less intensive at-least in the higher layers. Also sub-sampling is used to leave out
some of the pixels of the image during initial layers of convolution, it does affect
the accuracy, since the neighboring pixels carry almost similar information.
Each output of the convolution layer is called a feature map, since it is one
step near for obtaining the features of the images. As described earlier, the feature
map consists activations corresponding to edges, lines and curves, basically all the
low level features of the input image. The further layer has to be well equipped
by training to recognize these low level features and activate the corresponding
neuron to classify the image pattern into its correct output class. In order to do the
classification there is fully connected layer in between the feature extraction layers
and the output.
As the name suggests, fully connected layers, is when output of a map is connected to all the possible inputs of the next higher layer. Based on the map value,
the corresponding neuron will be activated to set the prediction value of the whole
CNN network. The fully connected layer is a high level reasoning layer that takes the
decision about the final output class of the CNN network. It is of one-dimensional
in nature, hence it is always the last or the higher most layer of the CNN network
[8].

3.2.2

Spatial pyramid pooling based CNN

As discussed in section 3.1.2, the CNN architecture containing spatial pyramid layer
is chosen to be the best method for the detection of brand logo in video stream.
The structure of the network is as shown in the figure 3.5. The major difference
from the conventional CNN is the presence of spatial pyramid layer after the feature
extraction layer, but before the fully connected layer. Presence of this layer enables
the CNN to process input image of arbitrary size and scale, since the spatial pyramid
layer always generates a fixed length representation of the features that are extracted
from the convolutional layers [22]. One more important advantage of using spatial
pooling is that the feature maps can be extracted only once for the input image and
the feature candidate regions with the required activations can be represented as the
fixed length vector for the further processing, the process of extracting the feature
maps only once unlike R-CNN network [20], will reduce the overall processing time
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Layer

1

2

3

4

5

Layer SPM

6

7

8

Stage

conv + max

Conv + max

Conv

Conv

Conv

Spatial pooling

full

full

full

# Channels

96

384

384

64

32

4096

4096

11

Filter size

5X5

3X3

3X3

3X3

3X3

-

-

4096
-

-

-

-

-

Conv. stride

2X2

2X2

1X1

1X1

1X1

-

-

-

-

-

-

-

pooling size

3X3

3X3

-

-

-

3X3

5X5

7X7

13X13

-

-

-

pooling stride

2X2

2X2

-

-

-

2X2

4X4

7X7

13X13

-

-

-

Zero-padding size

1X1X1X1

-

1X1X1X1

1X1X1X1

1X1X1X1

-

-

-

-

-

-

-

Spatial input size

224X224

55X55

13X13

13X13

13X13

50 X 1

1X1

1X1

13X13

Table 3.1. Layer description of SPP-CNN architecture

of the network.
The figure in 3.5 is a compact and standard form of representing a CNN network,
the boxes in the blue color represent various steps that are carried out during
training and deployment phase. The structure consists of five convolutional layers,
first two layers have pooling process. The later three does not have pooling, the
information passing through the higher layers of convolution is less, when compared
with the initial layers. All the convolutional layers use ReLU based activation
function for the neurons. The output of the fifth convolution layer are a set of
feature maps, from which a random window is chosen to perform spatial pooling and
the following flattening layer is present to generate the fixed length representation
of the selected feature map windows. The output of this is a fixed length vector
that is used by the fully connected sixth layer combined with the following layers
the fixed length vector is classified into of the output classes. The tabular column
in the table 3.1 describes various layers, its inputs and output configuration of the
SPP-CNN network. The table clearly describes the filter kernel size, padding, stride
and pooling information, required for the generation of the SPP-CNN network. This
tabular information is sufficient to recreate the SPP-CNN network, train and deploy
it for all practical purposes using CAFFE framework.
The neuron activation function used in this architecture is ReLU based, in order
to facilitate the faster convergence during training of the CNN. Normalization is
used in the first couple of convolution layers, in order to avoid saturation of input.
As described in [25], even though ReLU activation used the local normalization
helps in the generalization and avoiding saturation of the input. The local response
normalization can be perceived as the brightness normalization within the local
channel, and also experiments have showed that normalization helps in attaining
better accuracy during the detection process [25]. The number of neurons per
convolution layer is given by the number of feature maps times the dimension of
the feature maps. Since there is parameter sharing in the CNN, the number of
parameters per layer is given by the product of number of features maps, the filter
size used in the layer and the number of channels. And the result is added up to
the number of bias values (ie. number of feature maps).
Spatial pooling will increase the accuracy of detection of the brand logos, since
25

CHAPTER 3. LITERATURE STUDY

Figure 3.5. Structure of SPP-CNN,obtained from CAFFE
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the logos appear in different sizes and shapes. The deep learning feature map is used
as input for the spatial pooling layer, in R-CNN the multiple windows on images
are taken to perform CNN based detection in order to detect multiple objects in
a single image. But in SPP-CNN method, feature maps are computed once, then
random windows are chosen from the feature map domain to determine the fixed
length vector from spatial pooling method. Then the following fully connected layer
does the job of classifying the candidate region into one of the output classes.
If the number of windows chosen by R-CNN is 2000 in number, and the aspect
ratio of SPP-net input is (4/3) and the scale of the image is 5, then it is observed
from the experiments that the SPP-net is 160 times faster than the R-CNN algorithm as mentioned in the paper [20]. In this thesis, SPP-net was chosen to enable
the CNN network to handle input video of multiple sizes and for better accuracy
than other CNNs, and for the multiple detection of the brand logos in a video
stream, a different localizer algorithm is used as described in figure 4.1.3.

3.2.3

Problems faced by CNN

The main list of problems that are faced by current CNN are as follows:
• Needs training before deployment: Since, CNN is a supervised learning method,
training of the CNN to do a particular task has to be carried out before the
deployment. The training quality determines the quality of the deployment.
This is a disadvantage since the online software cannot be trained simultaneously, the training part needs to be off line. It might increase the downtime
of the CNN related software.
• Overfitting for the trained data: Every CNN faces the issue of over-fitting
during its training. This makes the CNN to learn very fast and the accuracy
will be very high only for the training set of images, but not so good for the
images that are non-training set. This is a serious issue and there are couple
of methods to solve this issue. One such method is transforming the input
training images and using it for training the network, by rotating, scaling and
other related transforms in order to avoid over fitting at the time of training
the CNN. Another latest method for reducing over-fitting of the CNN is called
Dropout method, in this method the neurons that have a probability of 0.5 are
switched off, in the sense these neurons does not contribute either in forward
or backward propagation. This switching off or the dropout process is highly
random in choosing the neurons, this makes the network to be randomly
constructed for each training iteration. This makes the training of the CNN
with different architectures each time, thus reducing the process of over-fitting
to the training data.
• Very high computation cost (especially GPUs): CNN networks are highly computation intensive due to the presence of convolutional layers. In order for the
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CPU to execute the filtering, max pooling and other related processes, it takes
a considerable amount of time. Since the input for these CNNs are images, a
two dimensional array of values, GPUs are used for the computation of most
part of the CNN. And GPUs are costlier when compared with the CPUs. Also
sometimes depending upon the needs of the application, the CNN can spread
across two or more GPUs. In this case the cost of the hardware infrastructure increases. Also hand coding the training and deployment part is a time
consuming job, but with the development of CAFFE framework, development
time for both deployment and training of CNN has reduced considerably.
• Works only for the fixed input size: Currently, all the CNNs that have been
published in the papers only support a fixed input size. The reason is due to
the fact the network is only trained and built to handle a pre-defined set of
input size. If the size is other than the specified one, the input has to be rescaled, or network has to be retrained. Later is much costlier than the earlier
method. Usually the earlier method of rescaling the input image is considered
for all practical purposes.
• Re-training required if there are changes to number of output classes: Even
a small change in the CNN will require re-training the network. The reason
is that CNN is highly structural dependent and also training process itself
is structure dependent. If the output number of classes change, the training
is required for the entire CNN to update the weights and corresponding bias
values. In this sense the CNN is not scalable, but once if the structure is fixed,
then the deployment framework can be programmed to be highly scalable if
there is availability of multiple GPUs.

3.3

Overview of computing hardware

Convolutional neural network involves a large amount of computations to generate
a valid output, the processing time taken is decided by the computing hardware
used for processing the same. CAFFE provides possibilities of using only CPU or
CPU and GPU combination as computing hardware for the purpose of computing.
The overview of the GPU architecture is described followed by the comparison of
the CPU and GPU architecture.

3.3.1

Overview of GPU architecture

The prime goal of any computing entity is to efficiently produce results in accelerated manner. GPUs focuses on improving execution throughput of the parallel
applications. GPUs capitalize on data parallelism, that is the same operation is performed over a set of data in parallel to achieve the overall throughput. The general
architecture diagram of the GPU is as shown in the figure 3.6. The computing core
of the GPU can be viewed as the organization of highly threaded streaming multiprocessors (SMs). Streaming multiprocessors contain cuda cores, control logic and
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instruction caches, warp schedulers and registers. There could be different number
of streaming multiprocessors depending upon the versions of the GPU, especially
in Nvidia GPUs. The programming interface creates a illusion that the GPU hardware supports MIMD, but in reality the GPU hardware is SIMT (Single Instruction
Multiple Threads), the GPU achieves this abstraction by making certain amount of
threads inactive and by achieving fine-grained multithreading.

Figure 3.6. Architecture of a typical GPU [6]

The core of GPU computing unit are the streaming multiprocessors, Nvidia
fermi GPUs are as described, the streaming multiprocessors in Fermi for example
comprises of 32 cuda cores, load-store units, 64K of local SRAM split between cache
and local memory, special functional unit, register files and warp scheduler. Each
cuda core consists of a floating point and an integer unit [17]. The load-store unit
is used to handle the memory related operations. Special functional units (SFUs)
are used to handle the special operations such as sine, cosine, exponential and
reciprocal. In each of the streaming multiprocessors, the execution is divided into
two blocks of 16 cores each with a group of 16 load-store units and 4 SFUs per
block. A group of 32 threads are called warps. The scheduler in the SMs are used
to execute the corresponding warps on the cuda cores [17].
The programming model of GPUs are of multi-level type. The code that runs
on GPUs has to be written in the form of compute kernels, these kernels contain
information about the number of threads that will be executing in parallel in a block
and the number of blocks per grid. The hierarchy of the terminologies threads,
blocks and grids are as described, a thread is a single unit of computation that uses
the local memory, there could be around 512 threads per block on a GPU. The
group of threads or the blocks can be arranged in one-dimensional, two-dimensional
and three-dimensional grid of thread blocks. The number of thread blocks in a grid
is determined by the algorithm or the number of processors in the system, usually
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there are 65,535 blocks in a GPU. The basic unit of computation, threads have
its own local memory, also all the threads have access to the same shared memory
within a block. The threads also have access one global memory that is common
to all the blocks. The other set of memories that are read only and accessible by
the threads are constant and texture memories. The global, constant and texture
memories are connected to the host and the GPU to enable data movement between
the two entities [19].

3.3.2

Comparison between CPU and GPU architectures

The following information regarding the comparison of the architectures are taken
from the paper [19]. The first and foremost difference between the two architectures
are that the CPUs are that these are latency oriented architectures and the GPUs
are throughput oriented architectures. This enables the CPUs to be best suited
for task based parallelism and the GPUs are best suited for data parallel type of
applications. GPUs in general contain a lot of ALUs when compared to the number
of ALUs present in CPUs. GPUs are used for graphical applications, whereas CPUs
are used for general purpose computations. CPUs perform better on the sequential
codes with many branches, whereas the GPUs are best suited for applications that
have parallel computations. CPUs have a single entity of cache area to perform
tasks, whereas in GPUs, the caches are distributed and are available for each of
the streaming multiprocessors (SMs). GPUs lack the ability of instruction level
parallelism, out of order execution, branch prediction like CPUs, but they have
massively scalable and parallelizable abilities. The following block diagram 3.7
describes the general structure of multi core CPU and GPU.
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Figure 3.7. Difference between GPU and CPU
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3.4

Theory on parallelization

The main purpose of parallelizing a program is to accelerate the computations
present in a program, so that the time taken for the computation reduces when
compared with the serial program. In order to parallelize the program, support
from compiler and the corresponding hardware is required. It is noted that not
every program can be parallelized, and there will part of the program that has to
be performed in the serial mode of operations. The reason is due to the fact that
the operations are dependent on the previous operations. In the parallel part of the
program the instructions or the tasks can be performed parallely with the support
of hardware to reduce the overall time taken.
There exists two important laws that govern the dynamics of a parallelization
effort, the laws as defined by the authors are as described below with the corresponding equations,
• Amdhal’s law : The speedup attained by the parallelization effort is modeled
in this law, it defines two set of classes for a program, a serial part and a
parallelizable part [10]. The definition of Amdhal’s law states that assuming
that the program does not change then, only parallelizable part of the program
can be accelerated further, whereas the other part of the program cannot be
accelerated further [3]. Amdhal’s law provides an upper bound on the speedup
as shown in equation 3.5 that can be obtained by using ’p’ processors, the
sequential part of the program is ’f’ and the parallel part of the program is
(1-f). The graph in fig 3.8 shows optimal speedup that can be attained by
using different values of the sequential fractional part of the program. The
different colors in the graph represents different values of the fractional part
of the program starting from blue, red, orange, green and purple with the ’f’
values 0.1, 0.2, 0.3, 0.4 and 0.5 respectively.
speedup ≤

1
f+

1−f
p

(3.5)

• Gustafson’s law : It applies to the class of problems whose execution time
increases with the size of the program instance under consideration. Unlike
Amdhal’s law, the Gustafson’s law claims that in the process of scaling a task,
it can be noticed that the fraction of the work that can be done in parallel also
grows along with the size of the problem. The speedup attained is given by
the following formula 3.6. This law applies to most of the practical problems
since the assumptions regarding the fraction of the program that grows along
with the size of the problem is true for most of the cases.
speedup = p − β(p − 1)
where:
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Figure 3.8. Amdhal’s law

β is the ratio of time spent in performing sequential operations to the total
time taken.
p is the number of processors.
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Chapter 4

Methodology, design and
implementation details
This chapter explains the methodology used during the implementation phase of the
thesis work, to determine the optimal classifier model. It also contains explanation
of localization algorithm to localize the logos in the video frame.

4.1

Methodology and implementation details on Nvidia
GPUs

The overall architecture of CNN based brand logo detector is as shown in the figure
4.1, video frames are individually classified into one of the eleven logo categories.
Later the localizer is used to determine bounding boxes around the logos. In the
final step of the flow, the parameters such as position of the logo is determined.
Number of occurrences of the logos is determined and visibility duration of each
logo is determined.

Input movie
sequence

Logo detector and
localizer

Logo detected and
other parameters

Figure 4.1. Overall architecture of the system

Implementation tasks for this research project is broadly classified into four
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steps, namely:
a. Implementation of the infrastructure required for training the CNN network.
b. Implementation of python code that carries out brand logo classification on
frame level basis, localization of brand logos in image frames of a video.
c. Modification of CAFFE code base to add support to execute classification
part on remote GPUs.
d. Design and implementation of classifier and localization of brand logos on
multiple GPUs.
A high level explanation of the steps, algorithm and flowchart are explained for
each of the task item described above in following subsections.

4.1.1

Implementation details for training the network

Convolutional neural network is a feature extractor and the last layer of the network
is based on supervised learning method, which learns to classify its inputs to one of
the output classes. Training CNN is a process that enables classification of its input
to one of the correct output classes. Training a CNN involves labeling of training
images with the correct output labels. Since CNN learns based on backward error
propagation, there is need for some of the images to be grouped as validation images
and also the test images are needed to be labeled. The accuracy of the network
depends on correct classification of validation test images to its output class. The
general flow structure for training the CNN network is as shown in the figure 4.2.

Crawl images
with logos

Create LMDB
(Lightning
memory mapped
database)

Manually filter and
split the images
into training and
testing images

Resize images to
224 X 224
images

Configuring
model
parameters
(network)

Configure solver,
set learning rate.

Train the network
(note down the
accuracy value)

Get caffemodel

CNN network training flow structure

Figure 4.2. CNN training flow structure
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Due to unavailability of training and validation set of images for brand logos, it
had to be created by crawling multiple search engines to form a database of images.
For crawling images, crawler scripts were used and other python scripts were used
to split the downloaded set of images into two groups, one for training and other
for validation of the network during training process. The images collected were
ensured to have all possible variations of a logo in it. Variations such as images
containing occlusion, deformation, background clutter and other images containing
logos to satisfy the requirement of sufficient intra class variants were crawled from
the web.
CAFFE has an excellent framework for training the CNN network, if there is a
well defined CNN network definition in the form of prototxt, LMDB based database
of training and validation set of images, a mean value file of the training LMDB
database and solver prototxt that defines the learning rate of the network. During
training of the network, the images are grouped into 80 percent for training and
remaining 20 percent for validation test images. The accuracy of the classification is
presented for every thousand iteration of training and the final accuracy is obtained
after 20,000 iterations. There is a provision for storing snapshots during the training
process at custom training iteration number. The accuracy of a CNN network
working as a classifier is completely based on the number of images per class and
the complexity of the image pattern that has to be classified.
In brand logo detection case the accuracy was low for initial training iterations
with around hundred images per class. After increasing the number of images
per class, the CNN feature extractor combined with the spatial pyramid layers
gave a good improvement in overall accuracy of classification of validation images.
Increasing layers was a trade off with respect to increase in complexity of CNN
feature extractor and classifier. The training process is repeated until the required
accuracy is achieved as described in the flowchart figure 4.3
The design space of the CNN feature detector comprises of parameters related to
the convolution process, training process and the CNN structure itself. In this thesis
work some of these parameters are modified during the training process in order to
get a relatively good accuracy. As described in the paper [37], the parameters that
could be tuned to suite an application in question are as follows:

• CNN structure level parameters : Number of layers of the convolution neural network can be changed to better suite the application, depending on the
accuracy obtained. Usually increasing the number of layers increases the accuracy, since the number of parameters of the overall network increases, on the
other hand it adds complexity to the network. One more major change that
can be tuned is the connectivity between the layers, the order of the layers
plays an important role in determining the accuracy. The network described
in [25] uses this ideation to mix the locally connected convolution layers with
the fully connected layers to maximize the accuracy of classification.
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• Parameters related to convolution process : The parameters such the filter
size, stride and padding are the tunable ones that impact the output of the
CNN feature extractor, later it is the responsibility of the fully connected
layers to accurately classify the input image into appropriate output class.
The filter size combined with stride helps in extracting the local features of
the input image, the large the size of convolution filter, the feature will be
more granular in nature. The pooling parameter can be changed in order to
get the same result, this also adds up to the robustness to the network, by
making it more translation invariant in nature.
• Parameters that define layers : Some of the parameters such as the normalization, the activation function type for the neurons define the accuracy of the
network. These parameters could be changed to get the desired outcome, for
example using ReLU activation function for the neuron instead of the sigmoid,
enables the network to converge faster during training and also the ReLU unit
solves the problem of saturation. The number of adjustable parameters change
as the choice of activation function changes.
• Setting training process based parameters : Some of the parameters related
to training process of the CNN can be tuned such as the initialization of
the weights for the network, setting of bias values, setting learning method,
learning rate. Iteration number is a crucial parameter that defines the validation accuracy of the model during training process. The algorithm used for
training the convolution neural network can be also be modified to suite the
application.
These are the parameters that are tunable in the CNN, the design space is
vast involving lot of variables, hence in this thesis a standard defined network as
described in [22] is used along with modification of the filter size, and other convolution parameters to suite the application. Even spatial pyramid layer parameters
related to the pooling size were modified in order to attain maximum possible accuracy during the training process.

4.1.2

Modification of CAFFE code to add support to execute code on
remote GPUs

Current CAFFE code base has support for executing the defined CNN network, either training or classification on only local GPUs. With the development of rCUDA,
there is a provision of executing any CUDA code on remotely connected GPUs, by
providing ip address of the system containing NVIDIA GPUs, port number and
GPU identification number GPUs present in the system. In order to set active
GPU environment variable has to be set with IP address, port number and GPU
id.
The development process for adding remote CUDA support to CAFFE involves
changes in CUDA memcpy function, which copies data from device to host and
37

CHAPTER 4. METHODOLOGY, DESIGN AND IMPLEMENTATION DETAILS

host to device. In any CUDA related program, after a GPU device is selected by
a process, it has to be ensured that all the cuda related functions have to use the
same device. Otherwise, there is always a possibility of memory crash errors. This
modification was performed to solve the error and make CAFFE code capable of
handling remote and other local GPUs.
During building CAFFE, there is a need for changing few makefile parameters
by setting flags such as "extra-nvcc" to "cuda shared". The architecture settings
has to changed from Auto to All, in order to support all the GPU architectures.
Also there is need to change CUDA root path to point to newer CUDA installation
which has rCUDA support in it. After ensuring all the above the CAFFE code base
is compatible to run with remote GPUs.

4.1.3

Implementation of brand logo frame level classifier and localizer

Python language is used for the implementation of frame level classifier. Opencv
is used to obtain individual frames from the video stream and to perform classification using pre-trained spatial pyramid layers based convolution neural network.
As described in the previous section, the convolution layer network is trained for
classifying an image frame into one of the ten categories, where each category corresponds to a brand logo and a category that corresponds to no-logo. There are
three stages for the complete classification and localization of brand logos in the
video frames. Each stage is explained in the form of flowchart.
Classifier:
During the first stage (i.e. stage 0), the convolution neural network is used as
classifier for the entire frame. The video frame is extracted using opencv framework
and the frame is transformed to be compatible as required by CAFFE for the
classification task. The feature extractor layers in the form of convolution layers
extract various local and low level features that can be further classified by the
further fully connected layers in the network. As described in section 3.2.2, the
convolution parameters in the first layer has the kernel size 5X5, with the padding
of 1 around the input image, with a stride of 2, after there is a max spatial pooling
layer that is used to generate 96 feature maps, each with dimension equal to 55X55
refer table 3.1.
The convolution filtering is performed by multiplying corresponding pixels in
the input image or feature map, with the weight values by respecting the stride,
padding and kernel size, and then summing it up to generate a result value. In
this case, the convolution process is carried out for each of the three channels and
the sum of the three multiplication result is added with the bias value to get the
final output pixel of the output feature map. Also bias value defined in the network
parameter is used as an additive factor to add a gentle boost in the values of the
feature maps, this helps in reducing noise in the image and ensures that only required
information is transferred in the form of feature maps. The visual pattern of the 96
38

4.1. METHODOLOGY AND IMPLEMENTATION DETAILS ON NVIDIA GPUS

weights corresponding to layer 1 of the SPP-CNN is as shown in figure 4.5 and the
corresponding 96 outputs for an example image for the trained classifier containing
Fedex image is as shown in figure 4.6, in this each feature map has the dimension
of 111 X 111 (before pooling operation). The weights are grouped in the form of a
rectangle for the representation purposes, various shapes can be observed, each of
these weights extract a different feature and allow it to flow through the network.
The following convolution layers have their own corresponding structure as mentioned in the table 3.1, the input image to the classifier is as shown in the figure
4.4, the feature maps corresponding to the output convolutional layer 2,3,4 and 5
are as shown in figure 4.7, 4.8, 4.9, 4.13. The output of convolution layer 2 has 384
feature maps with the dimensions of 27 X 27. The layers after layer 2 has spatial
max pooling in it and the final output of the layer 2 is feature map of dimension
13 X 13. The information that is sent to next layers is less and more granular in
nature, it can be easily observed by comparing the outputs of feature maps between
layers 4 and layers 5. The output of the pooling process is as shown in the figure
4.11, the input to this process is the feature map of the first convolution layer. In
pooling process, a single value is chosen from a group of values from the feature
map, the size of the area that will be used for pooling is defined in the network
definition itself. Likewise the output of pooling in layer 2 is as shown in the figure
4.12. In the spatial pyramid layer, identical process of pooling is performed with
different pooling sizes, the various output sizes are as follows 6X6, 3X3, 2X2 and
1X1. The corresponding pool output of the spatial pyramid layers are as shown in
figure 4.14, 4.15, 4.16, 4.17 respectively according to the pooling kernel sizes. Later
a fixed length representative vector is generated using the flattening operation from
the spatially pooled outputs of spatial pyramid layer with the dimension value of
50 x 1 and since the number of filters in convolution layer 5 is 32, the output of
spatial pooling of values is 1600. Later this fixed length representation is used as
input to fully connected layer (fc6). In general addition of more convolutional layers
increases the non-linearlity and accuracy of the hyperplanes that separate the input
images into one of the output classes.
After, the convolution feature extractor followed with the spatial pyramid layer,
the fully connected layers are used to classify the generated feature to one of the
output classes. Each feature map generated after spatial pyramid layer is connected
with all the output feature maps in the fully connected layer in fc7. The output of
each of the neuron (top) in fully connected layer is plotted and the corresponding
histogram of the values (bottom) are plotted in the figure 4.18. Likewise the same
is done for the fully connected layer (fc7) following the sixth layer in figure 4.19.
The output of the final layer is the score value for each of the class equal to the
number of outputs present in the CNN, in this case the number of classes is eleven
(10 brand logos and one No-logo), it is as shown in figure 4.20. The class with the
highest score value is chosen to be as the output of the CNN for the corresponding
input, in this case the input with Fedex logo is correctly classified as Fedex class.
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Figure 4.4. Input image to the classifier

Figure 4.5. 96 Weights corresponding to layer 1 (3 channels, 5 X 5)

40

4.1. METHODOLOGY AND IMPLEMENTATION DETAILS ON NVIDIA GPUS

Figure 4.6. 96 Feature maps corresponding to layer 1 (111 X 111)

Figure 4.7. 384 Feature maps corresponding to layer 2 (27 X 27)
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Figure 4.8. 384 Feature maps corresponding to layer 3 (13 X 13)

Figure 4.9. 64 Feature maps corresponding to layer 4 (13 X 13)

42

4.1. METHODOLOGY AND IMPLEMENTATION DETAILS ON NVIDIA GPUS

Figure 4.10. 32 Feature maps corresponding to layer 5 (13 X 13)

Figure 4.11. After pooling, 96 feature maps corresponding to layer 1 (55 X 55)
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Figure 4.12. After pooling, 384 feature maps corresponding to layer 2 (13 X 13)

Figure 4.13. 32 Feature maps corresponding to layer 5 (13 X 13)
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Figure 4.14. Spatial pooling output, with output size (6 X 6)

Logo Localizer:
In the second stage, the output of the classifier is used to decide whether to localize
the detected logo, there will be no localization for the video frames with no logos in
it. For the video frames which have the logos in it, the following algorithm is used
to determine bounding boxes around the detected brand logos in a video frame and
it is done in two stages.
1. Stage 1: In stage 1, diagonal corner coordinate of the bounding boxes are determined. In phase 1 of stage 1 , the pre-trained classifier is used to determine
right bottom corner of the bounding boxes.
1.a Phase 1: The video frame is cropped in x direction with a shift of certain
predefined units and fed into the classifier and the classification result
is used to determine the presence of the logo in the cropped image, the
X coordinates are stored. Hence for each of the cropping iteration a
probable X coordinate of the detected logo is stored in the dictionary.
Later the dictionary values are further filtered and only the coordinates
where the predicted logo changes are stored. The algorithm is explained
pictorially in the following figure 4.21. As shown in figure, the cropped
input images are obtained from left side of the image, the point at where
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Figure 4.15. Spatial pooling output, with output size (3 X 3)

classifier is unable to detect the logo is shown in the figure, is noted
down. The x-coordinate is note as the right bottom corner of the probable
bounding box as the output of step-a of phase 1.
The video frame is cropped in y direction from the top with a shift of
certain predefined units and fed into the classifier and the classification
result is used to determine the presence of the logo in the cropped image,
the Y coordinates are stored, along with the predicted logo. Hence for
each of the cropping iteration a probable Y co-ordinate and predicted logo
pair is stored in the dictionary. Later the dictionary values are further
filtered and only the coordinates where the predicted logo changes are
stored. The algorithm is explained pictorially in the following figure 4.22.
As shown in figure, the cropped input images are obtained from top to
bottom of the image, the point at where classifier is unable to detect the
logo is shown in the figure. The Y coordinate is note as the right bottom
corner of the probable bounding box as the output of phase 2 of stage 1.
A final filtering step is applied to the probable co-ordinates both X and
Y. Only the points that have a valid X and Y coordinates are stored as a
pair of the right bottom corner of the logos in the video frame. A point
pair is said to be valid if they corresponds to a same brand logo. The
dictionary containing valid probable X and Y coordinates are presented
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Figure 4.16. Spatial pooling output, with output size (2 X 2)

as input to stage 2 of the localization algorithm.
1.b Phase 2: In phase 2 the same algorithm is carried out to determine the
left top corner of the probable bounding box around the detected logo. In
order to find the left top corner the cropping in step-a is carried out from
the right side. Likewise in step-b the cropping is carried out from the
bottom side. By the result of this there are probable points that are left
top corner of the bounding boxes around logos. The final filtering step
is also applied for the predicted corner to improve the accuracy. Figure
4.23 describes the step a of phase 2 of the algorithm. Step-b of phase 2
to find the Y coordinate of the bounding box is similar to step-b of phase
1 but in the opposite direction. The figure 4.24 describes the process of
obtaining Y-coordinate of left top corners of the bounding boxes around
each logo.
2. Stage 2: In stage 2, the task is to determine refined bounding boxes around
the logos. In stage 2 the points that represent the left top corner, right bottom
corner are collected and nearby area is searched by cropping the area around
the points by providing cropped image as input to the classifier. The probable
bounding boxes are obtained only if the predicted logo is same as assumed
logo at that point. The bounding box coordinates of the first match is stored
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Figure 4.17. Spatial pooling output, with output size (1 X 1)

Figure 4.18. Output of fully connected layer (fc6), 4096 channels
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Figure 4.19. Output of fully connected layer (fc7), 4096 channels

Figure 4.20. Score output of layer 8, (11 categories)
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Original input image

Expected output after Phase 1
(Step a)

x position of first
detection

x position of
Second detection

Cropping in x - direction

Figure 4.21. Algorithm: Pictorial description step-a, Phase 1

Original input image

Expected output after Phase 1
(Step b)
y position of first
detection

y position of
second detection

Cropping in y - direction

Figure 4.22. Algorithm: Pictorial description of step-b, Phase 1
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Original input image

Expected output after Phase 1
(Step a)
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detection
x position of
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Figure 4.23. Algorithm: Pictorial description of step-a, Phase 2

Original input image
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(Step b)
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y position of first
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Figure 4.24. Algorithm: Pictorial description of step-b, Phase 2
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and the search is continued in the outward direction to find the bounding box
with highest prediction score with same logo as assumed logo, till the search
area is less than 500 pixels. Later the average of bounding box coordinates
are computed for the first match and the bounding box coordinates with the
highest prediction score, to obtain a refined bounding box around the logo. In
the cases where the bounding boxes go beyond the boundaries, the bounding
boxes are clipped in order to fit the video frame.
The figure as in 4.25 describes the last stage of the localization algorithm.
It is also ensured that if there are overlapping bounding boxes with overlap
percentage of more than 50 percent, then they are dropped from the list and
thereby reducing duplicates in stage 2 output.

Figure 4.25. Algorithm: Pictorial description of Stage 2

4.1.4

Implementation details for multi GPU support

The hardware view of the architecture of the system is as shown in the figure 4.26.
The client computer with any cuda related application is able to access the GPUs
hardware available in any of the three servers. The rCUDA framework is used to
establish connection between the application program of the client and the various
server listeners over the network. The environmental variables in client computer
defines the number of GPU devices that will be available for the cuda application,
also it specifies the IP addresses and the unit port numbers of the GPUs to enable
virtual usage of the computing hardware. As described in the figure, the client can
establish connection and execute a cuda related application on server with the GPU
available at port ’S5’ at IP address of ’Y’. The cuda application is compiled locally
in the client and the corresponding cuda functions are computed on the respective
servers, to which it is intended to.
In order to accelerate the process of classification and localization, frame level
based acceleration is employed. In this method, the computation related to video
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frames are distributed to all the available GPUs in parallel fashion. For instance,
the GPUs present at port number starting from S0 to S6 are presented with the
work of executing the CAFFE based classification and localization cuda functions
to classify the frames in sequential order. The following equations 4.1 describes the
frame number that will be executing on the available GPUs at given point in time.
F GP U [n] = (F N mod T GP U )

(4.1)

where:
FGPU is current frame processed on GPU
FN is Frame number
TGPU is Total number of GPUs available for processing
Where ’n’ ranges from zero to the total number of gpus available for the client
application and also the ’frame number’ ranges from zero to the total number of
frames in input video sequence. For a system with six GPUs, gpu[0] will be processing frame number 0,6,12, and gpu[1] will be processing frames with number 1,7,13
and likewise for other GPUs. All the processing happens in parallel to reduce the
overall execution time of the classification and localization task.
Multiple gpus are used to accelerate the classification and localization of brand
logo detection. The code design is split into two parts, one being producer loop,
that captures video frame from the input video stream and then pushes into frame
queue. This process is carried out until there are no frames left in the input video
sequence or until there is no space left in the frame queue.
In the consumer loop, the frames are obtained from the frame queue populated
in the producer loop. The frames obtained are used for further processing such
as classification and localization on all the available GPUs. There is a provision
to provide GPUs information in the form of IP addresses of system containing the
GPUs along with the unique port number of system. The port number specified is
used for obtaining free memory information on GPUs used for processing.
Client-Server socket based programming style is used to get memory related
information. After initial handshake is done between a single client and multiple
servers containing GPUs, server code waits until there is enough memory in GPU
and sends signal to the client to start the processing on the GPU. On the client side
there are multiple processes that are started on multiple GPUs simultaneously, to
perform classification and localization. The consumer loop breaks, when there is no
more frames in the queue. It also breaks when the loop has reached end of frames.
Memory is checked using socket based send and receives to the server GPUs, before
launching classification and other following stages. The figure 4.27 explains the
structure of the program diagrammatically.
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Figure 4.26. Hardware view of the multi GPU architecture

With the help of multiprocessing functionality of python, various processes can
be executed in parallel, the only limitation is memory size available for processing
in GPUs and the frame queue length. This is the reason behind checking for free
memory, not the number of processes alive on the GPUs. It enables synchronization
between servers and client. It is always ensured that all the GPUs in the system
are executing one of the frames. It is also ensured that entire processing of a frame
belongs to the same GPU.
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Figure 4.27. Pictorial representation of multi GPU architecture
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Chapter 5

Experimental results and evaluation
This chapter explains the significance of the results obtained during the experiments
conducted using classifiers. It also covers the results for evaluation of the classifier,
evaluation of the localizer and performance evaluation of the parallelization effort.

5.1

Hardware Details

The details of the hardware used for the purpose of training, classification and
localization of the logos are as shown in the tables 5.1 5.2. The classification and
localization used GPUs of different compute capacities. The client computer used
the CPU with the corresponding configuration as described in the table 5.2.

5.2

Evaluation of the classifier used for brand logo
classification:

The outcome of the training process is a frame level classifier model, which could be
used for classifying input images to one of the eleven output classes. The parameters
GPU Model

Architecture

Compute capability

CUDA cores

Memory (GB)

Number of devices

GTX770

Kepler

3

1536

2

3

GTX980

Maxwell

5.2

2048

4

2

GTX Titan

Kepler

5.2

3072

12.285

1

Table 5.1. GPU hardware details

CPU name

CPU architecture

Number of CPUs

RAM size(GB)

Intel

64 bit

8

10

Table 5.2. CPU hardware details
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that are generally used for the evaluation of the classifier model are the accuracy of
classification, precision and recall of the classification process. In order to calculate
the accuracy for video test vectors, a frame level approach is chosen, wherein for
each frame the classified values is used to determine if the classification of the frame
is one of the following a true positive, true negative, false positive or false negative.
This process is carried out for each of the frames in the video test sequence and
then the parameters such as accuracy, precision and recall are computed as in the
equation.

accuracy =

T ruepositive + T ruenegative
T ruepositive + T ruenegative + F alsepositive + F alsenegative
(5.1)
P recision =

Recall =

f=

T ruepositive
T ruepositive + F alsepositive

T ruepositive
T ruepositive + F alsenegative

(1 + β 2 ) ∗ recall ∗ precision
(β 2 ∗ precision) + recall

(5.2)

(5.3)

(5.4)

The confusion matrix for the multi class classification problem is calculated using
the script. Later confusion matrix for each of the test vector is used for determining
total accuracy, precision and recall by using the equations 5.1 5.2 5.3 respectively.
One more combined parameter is computed in the form of f-measure as described
in equation 5.4, that combines the importance of both precision and recall of the
classification task. The parameter beta is chosen to be one, to specify that both the
parameters precision and recall are of equal importance. A classifier with an higher
f-measure is considered to be a better classifier. An example of the characteristics
of a classifier is as shown in the graph 5.1. The corresponding f-measure graph is
as shown in the figure 5.2. For the effort of increasing the accuracy, precision and
recall of the classifier the number of training set of images are increased and the
following section explains the process of finding the optimal model for the classifier.

5.2.1

Experimental method to find an optimal model for the classifier:

In order to find the model with an optimal characteristics to act as the frame
level classifier. A deduction method of experimentation by varying the number of
iterations during the training is employed. The experimentation is conducted in
two phases, in the first phase the models are trained using the same set of images
for the different iteration numbers to produce different classifier models.
In the second phase, the obtained models are then used to classify the frames
of the test vectors in the test suite. The values of accuracy, precision and recall
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CLASSIFICATION:

Figure 5.1. Characteristics of classifier model

Figure 5.2. F-measure characteristics of classifier model
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Model name

Num of training iterations

Avg accuracy

SD of accuracy

Avg of recall

SD of recall

Avg precision

SD of precision

Model 1

10000

0.645018763

0.2939565103

0.2879845283

0.2939565103

0.5878279526

0.4092418978

Avg f-measure
0.386578998

Model 2

20000

0.7191849177

0.3083490984

0.5579634601

0.3083490984

0.5372127574

0.3360850032

0.5473915232

Model 3

30000

0.6073664357

0.3205978434

0.5301179965

0.3205978434

0.4667212796

0.3237631659

0.4964036943

Model 4

40000

0.675610692

0.3466904399

0.5018592031

0.3466904399

0.4703679301

0.328239184

0.4856035519

Model 5

50000

0.6312105804

0.2900233997

0.5995288562

0.2900233997

0.5546239038

0.3298623735

0.5762028151

Model 6

60000

0.5320490425

0.2392758077

0.5931108723

0.2392758077

0.5688218179

0.321434336

0.5807124758

Table 5.3. Comparison of various classifier models

Test vector

Test vector

Total number of frames

Precision

Recall

Total accuracy

f-measure

Adidas

0.mp4

448

0.5503875969

0.8352941176

0.3236607143

0.6635514019

Fedex

1.mp4

768

0.9875

0.6752136752

0.7799479167

0.8020304568

Cocacola

2.mp4

501

0.3629032258

0.75

0.2734530938

0.4891304348

DHL

3.mp4

2514

0.4148351648

0.3765586035

0.668655529

0.3947712418

Lufthansa

4.mp4

1623

0.153674833

0.4964028777

0.438077634

0.2346938776

McDonalds

5.mp4

703

0.7647058824

0.8666666667

0.7055476529

0.8125

Nike

6.mp4

280

0

0

0.7107142857

0

Pepsi

8.mp4

998

0.9529964747

0.9890243902

0.8997995992

0.9706762417

Sprite

9.mp4

1279

0.8083333333

0.6024844721

0.8983580923

0.6903914591

Starbucks

10.mp4

2318

0.5509025271

0.7931392931

0.6138912856

0.6501917341

Table 5.4. The optimal classifier characteristics

are measured for all the different models. The graph as shown in figure 5.5, shows
the precision, accuracy and recall values for the test vector containing Fedex logo
in it. The characteristics graphs for the other test vectors in the test suite are
as shown in appendix A. Later model-5 is chosen for the reason that it has better
characteristics than other models in the experiment. The reason for choosing model5 is that it has a balanced average f-measure and average accuracy of classification.
Table 5.3 shows the values of f-measure, accuracy, recall and precision for various
experimental runs. While choosing the classifier model, the importance is given to fmeasure value and the average accuracy. Even though model-6 has good f-measure,
the accuracy is very low hence it was opted out to be an optimal model. model-2
has good accuracy but the f-measure value is lower than model-5. Hence model-5
was chosen to be as optimal for further analysis such as evaluation of localizer and
also for the parallelization effort using multiple GPUs.
The computed parameters are as shown in the table 5.4 for all the test vectors in
the test suite using model-5. The corresponding characteristic graphs containing accuracy, precision and recall values are as shown in the figure 5.3. The corresponding
f-measure characteristics is also shown in the figure 5.4.
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Figure 5.3. Characteristics of optimum classifier model

Figure 5.4. F-measure characteristics of optimum classifier model

Figure 5.5. Impact of number of training iterations on classifier characteristics
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5.3

Parameters related to brand logo localizer

The various parameters that are related to brand logo localizer are explained below.
These parameters contribute to the effectiveness value of the brand logos in video
stream.

5.3.1

Position of the logo

Brand logos in a video frame can appear in any position, the parameter related to
position of the logo is measured for the test vectors in the test suite. The video
frame is split into three parts vertically namely, the left, right and the center part.
The measured parameter counts the number of appearances the brand logos in one
of the three parts of the image as described earlier and presents the results in the
form of percentages. The position is decided by the center point of the bounding
box around the predicted brand logos. The graph showing the number of logos
appeared on different positions for the logos is the corresponding test vector is as
shown in the figure 5.6.

Figure 5.6. Position of the logo in all test vector

5.3.2

Maximum Size of the logo

The influence of size of the logos on effectiveness metric of the brand logo is higher
than other variables, since the size of the brand logos in the video stream has more
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impact on the visual memory of the viewers. In order to measure the size of a
logo in the video stream, it needs to be localized and a bounding box around the
logo has to be computed using the localization algorithm. The maximum size of
the logo that is appearing in the video stream is obtained by finding the maximum
bounding box per class of logos in the video test vector. The graph as shown in 5.7
shows the maximum size of the appeared logo in the video test vector containing
corresponding logo in it. The size values are normalized by dividing it by HD size
(1280 X 720).

Figure 5.7. Maximum size of the logo in All test vector

5.3.3

Visibility time of the logo

One more parameter that influences the effectiveness of the logos is the visibility
time of the logos in the video stream. The general notion is that if logo is visible for
more duration of time in the video stream, then it is has better effectiveness value.
The graph as in 5.8 shows the visibility time of each logo in the corresponding video
test vectors.

5.3.4

Effectiveness value of the logo

The metric effectiveness of a logo in the video stream is a combination of the parameters such as visibility time, maximum size of the appearance of the logo and
position of appearance of the logo. All the mentioned parameters are represented
in the terms of percentage. Later the effectiveness value obtained with the equation
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Figure 5.8. Percentage of visibility time of the logo in test vector

as described in equation 5.5, is normalized by using the maximum value for all the
parameters involved. Higher the value of effectiveness, the better is the position,
size and appearance characteristics of logos in the video stream.
ET =

V T + M S + N LA + N AR + 3 ∗ (N AC)
T N F + SOF + 3 ∗ (T N A)

where:
ET is Effectiveness value of the logos (a value between 0 and 1)
VT is Visibility time of the logos
MS is Maximum size of the appeared logos
NLA is Number of left appearances
NAR is Number of right appearances
NAC is Number of center appearances
TNF is Total number of frames in the video
SOF is Size of the frames in the video
TNA is Total number of appearances of the logo
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Figure 5.9. Effectiveness value of the logos in test vectors

5.4

Performance evaluation of parallelization process

The parallelization process involves the task of executing more than one frame
on single or multiple GPUs. The various parameters that are considered for the
evaluation of the parallelization effort are execution time, speedup compared with
the serial system. The formula used for calculation of the parameters are as follows
and in equations 5.6 5.7,
Executiontime = (EOP ) − (SOP )

(5.6)

where:
EOP is Current time at end of processing
SOP is Current time at start of processing

FPS =

NFP
TFP

where:
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FPS is Frames processed per second
NFP is Number of processed frames
TFP is Time taken for processing
The comparison of the processing time taken by the CPU based frame level
brand logo detection and single GPU based frame level brand logo detection is as
shown in the graph 5.10. The average speedup obtained by using GPU for the
computation is about 5.5 times as compared with the CPU version. The frames
processed per seconds (fps) for both CPU and GPU are as shown in the figure 5.11
It can be observed that the video test vector with cocacola logo in it tends
to take more time than other test vectors on CPU, the reason is due to the fact
that most of the video frames have high number of curves and edges in it, which
leads to activation of most of the neurons, thereby creating more number of positive
values after ReLU operation. Unlike other cases where the negative values are cut
off to zero by using ReLU operation. After the convolution layer 1 and layer 2,
normalization is performed. This requires that local response normalization has to
be performed to large set of values, which is highly computation intensive task. If
the ReLU output values are zeroes then computation of normalization is skipped,
thereby reducing the processing time. Whereas in the case of Cocacola test vector
the number of ReLU outputs that are positive are more, hence the time taken on
CPUs is more. Also it has to be noted that GPUs spends same amount of time as
the other test vectors, due to the fact that it has large number of computational
units and the operation can be highly parallelized.

Figure 5.10. Comparison of processing time, CPU vs GPU

5.4.1

Timing frame level classification of logos

The processing time taken by the frame level classifier per frame as the function of
number of GPUs is as shown in the figure 5.12. It can be noticed that the processing
time per frame decreases with the addition of GPUs locally on a machine, but as
the number of GPUs increases in the cluster the processing time increases due to
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Figure 5.11. Comparison of fps, CPU vs GPU

the fact that remote GPUs have to be accessed over the network and the overhead
is considerably more. In the graph 5.12, it can be observed that the processing time
is more for the three GPU case than the two GPU case due to the fact that there
is additional parallelisation overhead in the busy-wait loop. In the busy wait loop,
the client waits untill the free memory request on the GPUs is acknowledged by
the server listener. And this paralleization overhead increases with the inclusion of
more GPUs in the network.

Figure 5.12. Frame level processing time as function of number of GPUs

5.5

Localization of brand logos

The localization accuracy is measured by recording the overlapping percentage of
the bounding boxes produced by the localization algorithm and the ground truth
bounding boxes. The ground truth bounding boxes are obtained by visual inspection. The graph as shown in figure 5.13 displays the localization accuracy for all the
test vectors. The threshold of overlap percentage is set to be 90 percent. The high
threshold value of the overlap decreases the accuracy of the localization for some
of the test vectors. The localization accuracy is calculated by finding the ratio of
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number of correctly localized logos to the total number of logos of that type in a
video test vector.
The localization accuracy of DHL test vector is zero since the maximum percentage of overlap is 76 percent and the threshold is 90 percent. The threshold has to be
set to 90 percent because the current localization algorithm tends to find multiple
bounding boxes per logo and in order to eliminate erroneous entries a strict check
is required. One such scenario of overlap between predicted bounding box and the
ground truth bounding box is as shown in figure 5.14.
The fastest processing time, taken by both classification and localization task
for the test vector containing Fedex logo in it. For the fastest version, the local
GPUs are used for classification and localization task. The per frame processing
time for the localization task is 6.045 secs for fedex test vectors.

Figure 5.13. Localization accuracy

Figure 5.14. Overlap scenario of predicted and ground truth of logos
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Chapter 6

Conclusion and future work
In this thesis work, the research gap of determining an optimal algorithm for the
detection of brand logos using GPUs has been identified by performing exploratory
research on the previous study in this area. During literature phase of the master
thesis, various available methods that could be used for the detection of brand
logo patterns are studied and finally CNN is chosen as an optimal algorithm to be
implemented on the target platform.

6.1

Conclusion

Implementation phase of the thesis work was split into four tasks, first is training
a CNN network to be able to classify images and second is the implementation of
deployment of the trained model to do classification of input video frames, third was
to implement brand logo localizer for video sequences and fourth was to accelerate
the process of classification and localization.
During the implementation phase of the thesis work, first task was to build a
training and validation data set of images by crawling the web. Later these images
were trained by using CAFFE framework and the accuracy as the function of number
of training images and the training CNN network structure were understood and
analyzed to attain conclusion regarding their behavior.
Secondly, deployment of the CNN network was carried out and was tested for
the test suite with ten video sequences. All the three stages were tested during
the deployment phase. Various parameters that were related to the effectiveness of
brand logo were recorded.
Next step was to accelerate the process of deployment on the target platform,
which was nicely handled by using a state of the art parallelization algorithm to
maximize the efficient usage of available hardware resources. Execution time as the
function of number of GPUs were recorded and tabulated. Various graphs were
plotted to show the results in professional manner. Finally, the localizer results
were also tabulated and the results are recorded in the form of thesis document. All
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the test results are collected for the video sequences present in the test suite. Due
to unavailability of standard test suite, a test suite was created to characterize the
implementation.
To recapitulate, the research questions defined earlier in the thesis are answered.
The details for each of the research questions is as follows:
• RQ1: How to determine which is an optimal computer vision algorithm that can be used for the purpose of brand logo detection
?
This research question is answered by finding the optimal algorithm, which
uses the spatial pyramid layer based convolution neural network. Exploratory
research on the previous work is performed to determine the optimal algorithm
from the set of computer vision algorithms that are suitable for the task of
detecting brand logos.
• RQ2: How to evaluate the algorithm and determine effectiveness of
brand logos in the video streams using an optimal computer vision
based algorithm ?
The effectiveness of brand logos is calculated using a formula which contains
variables of the brand logos such as the maximum size of the logos, visibility
time of the logos and the position of the logos in the video frame. All the test
vectors in the test suite are analyzed to compute the effectiveness of containing
brand logos.

6.2

Future work

Some of the other features that could be added in the future are as follows:
• Brand logo detector software can be extended to recognize even more number
of brand logos available in the market. Training is required for the software
to detect newly added logos, but there will be no changes in the deployment
software. After training the network, the deployment software can seamlessly
make use of the newly trained model instead of the old one. Also inclusion of
brand logos from different languages is a future task, that makes the product
more global in nature. Training of the network in order to enable detection of
brand logos from different countries and different text, by collecting training
images containing these languages.
• The code is highly scalable, it can be executed on any number of GPUs available in the cluster. In order to execute the code on the compute node with
a GPU in it, there is need of specifying the IP address of the node and also
the number of GPUs that are available for computing purposes. One more
requirement is to run a script that enables the creation of server process that
will be listening to client requests.
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• Accuracy of the brand logo detector can be improved by using better training
techniques. Multi size training of the neural network might help in increasing
the accuracy of the trained model, which is used for classification and localization purposes. Also accuracy can be increased by changing the network
parameters, such as adding more number of convolution layer as the number
of output classes increases.
• One more method of increasing accuracy is to increase the number of train
images and validation images, it can be done by keeping in mind that the
images that are added to the training set are highly distinguishable for inter
class and also the images needs to have similarity with intra class images.
• CAFFE framework is already in optimal state in terms of execution time, the
python code base can be further optimized to reduce the time taken for classification and localization purposes. Multiple instances of frame level classifier
can be executed on a single GPUs, by respecting memory limits on GPUs.
• Adding GPUs with the higher computability to the cluster, which also reduce
the overall execution time of the detection process. It has been observed that,
frame level classifier performs better with the GPUs that are locally available
to the brand logo detector. The reason is due to the intervention of network
related overhead. Hence if there is provision client must have as many as
possible GPUs in the same node as the node that is executing brand logo
detection.
• Accessing video frames as an array is not possible with the current opencv
framework, this area needs attention of the developers of opencv to make video
accessible as an four dimensional array. This enables faster development and
also it helps to reduce the overall time taken during parallel processing of the
video using multiple GPUs.
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Appendix A

Impact of number of training iterations
on classifier characteristics
Influence of number of training iterations on the characteristics of the frame level
classifier is as shown in the following figures.

Figure A.1. Frame level classifier characteristics for Adidas test vector

Figure A.2. Frame level classifier characteristics for Cocacola test vector

Figure A.3. Frame level classifier characteristics for DHL test vector
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Figure A.4. Frame level classifier characteristics for Lufthansa test vector

Figure A.5. Frame level classifier characteristics for McDonalds test vector

Figure A.6. Frame level classifier characteristics for Nike test vector

Figure A.7. Frame level classifier characteristics for Pepsi test vector

Figure A.8. Frame level classifier characteristics for Sprite test vector

Figure A.9. Frame level classifier characteristics for Starbucks test vector
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