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ABSTRACT

RIDMBC ror OBJECT RECOGNITION USING CONVOLUTIONAL NEURAL NETWORKS

Two trending techniques that are making advances in computer vision research are Con-
volutional Neural Networks and Visual Hashing. The goal of this paper is to analyze how
these two interact in the broad domain of objects. Deep neural nets have proved to broadly
represent image features, and binary codes have proved to be a powerful way to represent
the intrinsic nature of image content in a compact way. Our research explores what kind of
information is contained in feature vectors obtained from deep neural nets and what infor-
mation can be binarized, in the context of object recognition. We also try to optimize the
length of binary codes and select subsets of bit vectors to represent images so as to obtain

the best classification results, while trying to bring down computational cost.
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CHAPTER 1

INTRODUCTION

Two trending techniques that are making advances in computer vision research are Con-
volutional Neural Networks and Visual Hashing. The goal of this paper is to analyze how
these two interact in the broad domain of objects. Deep neural nets have proved to broadly
represent image features, and binary codes have proved to be a powerful way to represent
the intrinsic nature of image content in a compact way. Our research explores what kind of
information is contained in feature vectors obtained from deep neural nets and what infor-
mation can be binarized, in the context of object recognition. We also try to optimize the
length of binary codes and select subsets of bit vectors to represent images so as to obtain
the best classification results, while trying to bring down computational cost.

Visual categorization is central to computer vision research, and is based on measuring
similarity among images of objects and scenes. Image comparison is the fundamental oper-
ation for retrieving and recognizing objects. Object recognition is the task of finding and
identifying objects in images and videos. Object recognition systems are used for learning
visual categories and identifying new instances of those categories.

The similarity of two images can be measured at the pixel, feature, object and semantic
level. Most image retrieval and recognition systems have been constructed based on features.
Gudivada [2] listed types of features for retrieval, including color, texture, shape and spatial.
Feature extraction and representation is crucial, and finding how to represent features that
are compact, and reflect the intrinsic content of images is still a challenging problem in

computer vision.



An efficient and highly descriptive way of representing images is as binary codes [3]. An
image can be represented as a code that discriminates it from other images in a dataset.
Bit codes help with large scale object recognition because of their low computational cost.
This is because the hash functions are learnt such that samples within the same category are
closer in hamming space, and those from different categories are farther in hamming space.

Binary codes have great significance in object classification. Object classification is the
task of assigning semantic labels to images using a classifier. Classifiers are trained using
sets of images that already have preassigned labels. These classifiers, then can be used to
predict category labels for any given test image. The query for classification is a lot faster if
the features are compact and accurate, which makes binary codes an ideal choice.

A lot of algorithms have been introduced to represent images using binary codes, where
each bit in the code represents a label assigned by a binary classifier [3, 4]. One such algo-
rithm is Randomized Intraclass-Distance Minimizing Binary Codes(RIDMBC), introduced
by Zhang et al. [1] in the context of face recognition. RIDMBC learns binary codes that
are largely uncorrelated because of random initial assignments of bit labels to classes, by
minimizing the Hamming distances within classes. RIDMBC uses simple features such as
grayscale and LBP features to make the testing phase faster. The binary labels are obtained
using the popular linear classifier SVM.

This paper explores the performance of RIDMBC in the broader domain of object recog-
nition. The goal of the paper is not to beat the state-of-the-art results in the field of Object
Recognition, but to explore the performance of RIDMBC in this context. Experiments are
performed to examine different components of the algorithm such as binarization and length

of binary codes, and to analyze the interaction of RIDMBC with deep neural nets.



We performed experiments to analyze RIDMBC and its variants compared to a baseline
experiment on a simple classifier k-Nearest Neighbor. The experiments show that if number
of weak classifiers are greater than a threshold, RIDMBC significantly outperforms kNN
classifier. Recent research has shown that Convolutional Neural Networks(CNNs) features
give state-of-the-art results in the domain of object classification, therefore, we use them
for feature extraction instead of simple features like LBP and grayscale, and analyze their
interaction with RIDMBC. The features are extracted using Caffe on GoogleNet [5].

The data set selected for the research is Caltech-101 [6]. It has a diverse set of 101
categories, comprising of about 9K images and is a popular choice for conducting object
classification experiments. The highest classification performance recorded until April 2015
on Caltech-101 is about 93.5% by He et al. [7], whereas we recorded a maximum performance
of about 89%.

A lot of components of RIDMBC have been investigated and varied to analyze its per-
formance for classification. The first basic experiment was to explore the length of binary
code i.e. the number of binary classifiers needed to achieve best performance and see if
the accuracy saturates after a certain number of binary classifiers. The results showed that
about 500 classifiers are sufficient to obtain stable classification results. Another experi-
ment was performed to analyze the very basic component of binarization that the algorithm
is based on. We examine how does the binarization of dot product of feature vector and
classification hurts the accuracy, as compared to using the float values of dot product and
using euclidean distance as the distance metric. The results showed that the binarization
did not hurt the accuracy, which means that which side of the classifier the sample lies is

important but distance from the classifier is not. Another set of experiments to analyze the



effect of binarization was to binarize the feature vectors obtained from deep neural nets.
Values greater than zero in the feature vector were assigned a value of one. Results showed
that floating point information contained in the feature vectors is useful and representative
of image features.

The next set of experiments were performed to analyze the different ways of selecting a
subset of bits that are enough to achieve a comparable accuracy, as when all the bits are
used. We look at the trade-off in speed vs accuracy for bit selection. The results showed
that random bit selection is as good as other methods of smartly selecting the bits, like
decorrelating the bits or choosing best performing independent bits. Another experiment
was performed to examine if there is a bit vector that could represent an entire object
category. This would help in the prediction of category label of a test image. Instead of
making comparison to each training image, now a hamming distance could be computed to
just a vector that represents the whole category. This was accomplished using average bit
vector which was deduced by averaging the bit vectors of all the training images. This gave
a bit vector with weights attached to each bit. Using average bit vector gave about the same
classification accuracy as compared to when hamming distance is computed to each training
image.

Finally, an experiment was performed to examine the effect of reducing dimensionality
of feature vectors using Principal Component Analysis(PCA). The compression was done
by continuously halving the length of feature vector and we observed that a compression to
about 25% does not hurt the accuracy a lot, and to 12.5% affects the accuracy by about
2-3%. The research is concluded by discussing the possibility of increasing the performance

of RIDMBC.



CHAPTER 2

BACKGROUND

2.1. Brt CODES

RIDMBC are based on the powerful representation of images as bitcodes. Bit codes are
easier to store and retrieve. Image similarity is computed by measuring Hamming distance.
Images that are similar to each other are closer in the Hamming space as compared to
images of different classes. For example, in Fig. 2.1, it can be seen that images of starfish

have similar bitcode as compared to the image of an aeroplane.

e e

A e

(a) Bitcode: 100001 (b) Bitcode: 100011 (c) Bitcode: 011111

F1GURE 2.1. Binary code representation of image. Image pairs of same class
have smaller Hamming distance as compared to the ones of a different class.

Binary code is an image representation, obtained from a combination of binary classifiers,
where each classifier corresponds to a bit. To demonstrate this, a simple experiment was
performed in two dimensional space with two binary classifiers, as shown in fig. 2.3. Each
classifier divides the space into two, and images are given a label 0 or 1 depending upon
which side of the classifier they lie on. Each bitcode is a cell in bit space, and the number of

bitcodes that can be created are 2", where n is the number of binary classifiers. In this case,
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we have two classifiers, thus we get four cells(bitcodes) : 00,01,10,11. As we can see in the
fig. 2.3, we have three classes of objects and each of them gets a bitcode. This experiment
was perofrmed on real data by reducing the dimensions of the images to two using Principal
Compnent Analysis. Images that are similar seem to be getting similar bitcode. But usually,
the dimension of bitcode is much bigger than number of classes, so they are farther apart in

the high-dimensional bit space.
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FIGURE 2.2. Description of cells created by two-dimensional bitcodes.

2.2. RIDMBC

The goal of RIDMBC algorithm is to represent face images with binary codes, and
perform face recognition using Hamming distances. The binary codes are assigned to images

by learning binary classifiers where images of the same category lie on the same side of each
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classifier. Each bit in a binary code can be thought of as a split of the feature space into two
half-spaces. Each bit is learnt by a binary classifier in a way that the same label is assigned
to all images belonging to the same class. In training, we infer codes for training images,
and learn classifiers to predict the codes; in testing, we apply those classifiers to a test image

to produce a code.

2.2.1. ALGORITHM. The main strength of RIDMBC is randomization. The process be-
gins by assigning binary values to images in a training set S, where images of the same class
get same binary label, 0 or 1. In this process, roughly half of the classes get 0 and the other
half gets 1, to balance the number of Os and 1s, and in every iteration this initialization
is randomized among classes. This randomization helps in producing different weak but
uncorrelated classifiers.

The next step is to partition all the images of training set S into two disjoint subsets
: S1 and S2. Then, a random initial assignment of binary label is made to each category,
with a constraint that images of a particular category get the same label. A linear SVM
classifier is trained on set S1 and this classifier is used to predict the labels for the set S2.
The prediction would make some label assignments such that some images don’t get the
same label as the other images of the same class. Thus, we need to make label adjustments
i.e. all the misassigned images get the same label that was assigned to majority of the images
of the same class. After label adjustment, a new classifier is trained on set S2, which is then
used to predict labels on set S1. This process keeps on iterating between S1 and S2 until it

converges, where convergence would mean that labels of the classes are no longer changing.
7



The final step is to recombine S1 and S2 into S and train a final classifier on the new S.
This SVM classifier represents one bit in binary code representation of images. Any number

of such SVM classifiers can be learned by random initialization of labels of training set S.

Algorithm 1 Learning Bit Encoders
INPUT: Two subject disjoint image sets S; and Ss,
for i from 1 to k, thehnumber of bits do
Generate random L; and _fzg desired labels
Initialize Training Data = { S, L; }
Initialize Test Data = {Ss, Lo}
while labels in L; or Ls changing do
Train a classifier on Training Data
Test the classifier on Test Data
for Each subject j in Test Data do
Let L; = {l;1,02,....,1j.m} be the predicted la-
bels of all the images belonging to that subject
Let f,J = {lnj'l, j\jrz, [Nn }, be the corresponding

desired labels, satisfying l;1 = ;2 = ...,=lj

{lj,le----.ij,m}={1 _fj..l:---el_fj,m}

end for
Swap the Training Data and Test Data.
end while
Combine { S, L;} and { S, L, } and train classifier a;.
end for
Output: bit encoders

FIGURE 2.3. Algorithm of RIDMBC [1]

2.2.2. FEATURES AND CLASSIFIERS. In RIDMBC, the features used to represent images
were selected in a way such that the task of face recognition is fast. Thus, grayscale pixel
values and Linear Binary Pattern(LBP) were used as features to represent face images. Also,
the data was registered, so these features did well on this task.

For the purpose of classification, linear Support Vector Machine (SVM) has been used.

Among existing appearance models, linear SVM has proved to be a simple yet effective
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choice. We use LIBLINEAR package for implementing SVMs. LIBLINEAR is an open

source library for large-scale linear classification.

2.2.3. RESULTS ON FACE RECOGNITION. RIDMBC was introduced in the context of
face recognition. The performance of RIDMBC was analyzed by conducting a cross-database
experiment, where training was performed on the Labeled Faces in the Wild (LFW) and
tested on the Point-and-Shoot Challenge (PaSC).

The reason RIDMBC wass evaluated on the challenging Point-and-Shoot Challenge
dataset (PaSC) [8] is to avoid the possibility of results getting affected by codes which
may have become specific to a particular data set. PaSC is a new, unrelated data set, which
contains 9376 images of 293 people for testing. The images are taken at nine locations (in-
cluding indoors and outdoors) using five point-and-shoot still cameras, with a lot of variation
in pose of subjects and their distance to the camera. The test set has 4688 query images and
4688 target images. Image pairs are formed by taking one image from the query set and the
other from the target set. Figure 2.4 shows example images from PaSC and LFW, which

show the variation in pose, lighting and sharpness variations.

FIGURE 2.4. Examples from PaSC and LEW. Top row: aligned images of the
same person in LEW. Bottom row: aligned images of the same person in PaSC.
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Algorithms generate similarity scores for all image pairs in the test set. By looking at
image pairs of interest, two ROCs can be plotted, one for frontal image pairs and one that
combines both frontal and non-frontal images. Figure 2.5 presents the ROCs for RIDMBC
along with those for two baseline algorithms provided by Colorado State University as part
of the PaSC. ROCs are shown for all still images and just the frontal images. The RIDMBC

algorithm performs better than both PaSC baselines.
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FIGURE 2.5. ROC curves of our method (RIDMBC) and two baselines (LR-
PCA and CohortLDA) on PaSC for the still challenge (a) Entire challenge
problem (b) Frontal face images only
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CHAPTER 3

RIDMBC rORrR OBJECT RECOGNITION

RIDMBC was originally developed for face recognition by Hao et al [1]. We have extended
it to a broader context of object recognition, to examine how well it performs for objects,
which have more diversity as compared to faces. Other objectives of this research is to

explore different components of the RIDMBC algorithm and analyze its interaction with

Convolutional Neural Networks(CNN).

3.1. DATASET AND PARAMETERS

Caltech-101 dataset was selected for performing experiments of object classification as it
contains a diverse set of objects and is a popular choice for object classification experiments.
Caltech-101 data set consists of a total of 9,146 images, split between 101 different object
categories with each class having a lot of intraclass variation. Each object category contains
between 30 and 800 images. Each image is about 300x200 pixels. Common and popular
categories such as faces tend to have a larger number of images than others. Figure 3.1
shows some sample images from categories : electric guitar, leopard, ketch and octopus. We
can see the diversity in interclass and intraclass variations in the data set.

Since the smallest size of a data set in Caltech-101 is 31, so we select 31 images from
each category. Out of 31 images from each set, 20 images of each class are added to the
training set and 11 images are added to the test set. So, the total size of training set is 2020

and that of test set is 1111. The experiments are performed on five splits of the same data,
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(e) Leopard 1 (f) Leopard 2 (g) Leopard 3

&

(1) Ketch 4

(m) Octopus 1 (n) Octopus 2 (o) Octopus 3 (p) Octopus 4

F1GURE 3.1. Sample images from Caltech-101 to show the diversity in cate-
gories and variation in illumination, pose and occlusion

where samples of training and test data are shuffled. The splits of data are created in a way

as to have minimum overlap.
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3.2. FEATURES AND CLASSIFIERS

The features used by Hao et al. [1] for face recognition were grayscale and LBP, which
were fast and simple to compute. But for the purpose of object recognition, we picked Con-
volutional Neural Networks for feature extraction because they significantly outperform all
other features in the context of object recognition. Google proposed a deep convolutional
neural network architecture codenamed ”Inception”, which was responsible for setting the
new state of the art for classification and detection in ImageNet Large-Scale Visual Recogni-
tion Challenge 2014 (ILSVRC 2014). Although CNNs obtained from Googlenet are trained
on ImageNet data set, but ImageNet data is so huge and diverse that we expected it to
represent the image features of CalTech-101 data set too, and it did give impressive results.

GoogleNet features were extracted using Caffe for each image sample from the topmost
layer, which has been trained by the deep neural nets. The feature vector for each image is
1024 dimensional. For the purpose of classification, we pick the SVMs as used by Hao et al.

for face recognition, using LIBSVM.
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CHAPTER 4

EXPERIMENTS

This chapter discusses experiments conducted by us to evaluate RIDMBC for object
classification, and analyze its interaction with GoogleNet. First section discusses a com-
mon experiment setup used for all the following experiments. Each following experiment is
predicated upon results of the previous experiment, and uses that information to evaluate,

analyze and optimize performance of RIDMBC.

4.1. COMMON SETUP

The common setup for all experiments includes finding feature descriptor for each image,
using binary classifier, and finding classification accuracy. Feature descriptor for each im-
age is obtained using GoogleNet Caffe simulation from the topmost layer, which is trained
on Imagenet data set. The feature vector is of length 1024. SVM classifiers are used as
binary classifiers which produce bits in binary code used to represent each image sample.
LIBLINEAR [? | library is used to obtain SVM classifiers.

Binary classifiers obtained from the training phase are projected on test data and sign
of dot product tells which side of the classifier does the test sample lies. If we take sign
of the dot product, we get binary values describing label of a test sample for each binary
classifier. Classification is performed using k nearest neighbors. For each test image, we
look at k nearest neighbors of the training samples. The nearest neighbor for each test
sample are found using Hamming distance. This means that we add 1 to distance if sign of

a bit of a test sample has different sign as compared to the corresponding bit of the training

14



sample, i.e. if they lie on different sides of the hyperplane for that dimension. For k-nearest
neighbors of a test sample, the Hamming distance can be same to several training samples,
and count of these neighboring training samples can be greater than k. So, for such test
samples, classification accuracy is averaged for all the training samples over the remaining
k neighbors. If there are already p neighbors, where pjk, that are closer to the test sample,
and there are neighbors that have an equal Hamming distance to that test sample and their
count is greater than k-p, then accuracy of kNN for remaining k-p neighbors, is averaged

over neighbors with equal distance to that test sample.

4.2. EXPERIMENT 1 : HOW MANY BITS?

Experiment 1 is a basic experiment performed to evaluate accuracy of RIDMBC on the
given data set. The goal of this experiment is to examine a basic component of RIDMBC,
which is number of binary classifiers.

For this experiment, k is assumed to be one for kKNN. The experiment is performed on
five splits of the data, so as to make sure that the results are not biased to a particular split
of the data set. Classification accuracy is obtained by averaging classification results over
all test images.

Fig. 4.1 shows performance of RIDMBC on this basic experiment. Vertical lines in graph
represent error bars, since the experiment was performed on five splits of the data set. It can
be observed that maximum accuracy is about 88%, and it starts to saturate when number
of classifiers is about 500. To make sure that impact on accuracy by increasing the number

of classifiers from 500 will not be statistically significant, McNemar’s test is performed.

4.2.1. McNEMAR TEST. McNemar’s test is a statistical test used to compare paired

proportions. It is applied to 2x2 contingency tables with a dichotomous trait, with matched
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Number of binary classifiers

FI1GURE 4.1. Basic RIDMBC experiment for different number of binary clas-
sifiers, while k=1 for kNN

pairs of subjects, to determine whether row and column marginal frequencies are equal.
McNemar’s test assesses significance of difference between two correlated proportions, such
as might be found in the case where two proportions are based on same sample of subjects

for different parameters.

Condition(Group 2)
Condition(Group 1) | Yes No Totals
Yes A B A+B
No C D C+D
Totals A+C B+D n

16



The proportions of data under consideration is:

m= proportion of respondents in the population who would answer yes to Condition 1.
mo= proportion of respondents in the population who would answer yes to Condition 2.
These are approximated by the following sample values:

A+ B
b1 =

n

sample proportion of respondents who answered yes to Condition 1.

_A+cC

n

D2

sample proportion of respondents who answered yes to Condition 2.
McNemar’s test is for testing Null hypothesis that there is no difference between two

proportions of a population based on frequency counts to two conditions:

fybi T = To

The null hypothesis of marginal homogeneity states that the two marginal probabilities
for each outcome are same, i.e. p, + Py, = Pa + Pe and p. + Pg = Py + Pg-

The test statistic is given by
B-C
vB+C

A high p-value prevents from not rejecting Null hypothesis at 5 percent level of signifi-

cance.
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FI1GURE 4.2. McNemar test on 5 splits of data using chi-square statistic, com-
pared for different number of binary classifiers. Cells marked in blue have
p>=0.05, and the ones in red have p<0.05

The observation that can be made from McNemar’s experiment is twofold. First, it can
be observed that if number of binary of classifiers is about 500, then it will prevent from
not rejecting the Null hypothesis. Second, if number of classifiers is less than 200, then Null

hypothesis can certainly be rejected.

4.3. EXPERIMENT 2: IS THERE AN OPTIMAL K?

The next experiment was carried out to find out optimal value of k( of k-nearest neighbors
of test samples), which is used to find out classification accuracy. If increasing the k does
not lead to increase in accuracy, then a small k would be a better choice for experiments as
it will be computationally cheap.

Two experiments were performed to evaluate the optimality of k. First experiment was

performed to examine a baseline classification experiment where k-nearest neighbor was
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used as classifier. Second experiment was performed using the same configuration as in the
Experiment 1, where the number of classifiers was fixed to be 500. Both the experiments
were performed by varying values of k from 1 to 13.

Fig. 4.3 shows that using higher values of k does not improve accuracy for any of the two
experiments. When kNN is used as a classifier, the classification accuracy drops drastically
from 81% to 64% as k is increased from 1 to 13. When kNN is used in RIDMBC for
classification, the accuracy neither increases nor decreases. Therefore, increasing value of
k is not improving accuracy, and makes classification computationally expensive. So, for
all the following experiments, k is assigned a value of 1. To confirm the claim statistically,
McNemar’s test was used and it showed that mistakes made by changing the value of k are

on the same data, so that confirms there is no statistical difference.

4.4. EXPERIMENT 3: BIT VECTOR VS FLOATING-POINT VECTOR

The goal of this experiment is to use floating point values instead of bit values. To explain
further, we are trying to examine if distance of a test image vector from a binary classifier is
significant or not. In RIDMBC, we take sign of dot product of test image vector and binary
classifiers, and obtain binary labels. Taking sign of dot product is actually an approximation
and thus, compression of the result. So, an important step is to analyze trade-off in accuracy
of this compression. Since we are throwing away data, it is expected that raw floating point
values should perform better than bit values. Raw values obtained from dot product are
float values that take 32 bits to store the result. So, taking sign to obtain bit vector gives
a compression of 1:32. Also, if floating point values are used, the distance computation
becomes expensive because computing Euclidean(L2) distance is expensive than Hamming

distance.
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F1GURE 4.3. Experiment to demonstrate effect of changing k of kNN on ac-
curacy, for RIDMBC and kNN classifier

So, an experiment is performed to see effect of using floating point values instead of bit
values. Fig. 4.5 shows that using either of bits or float values from the dot product gives
similar classification result. Using float values gives slightly better results until the length
of binary code is 200 but is outperformed by bits by about 2% after that. This outcome is
strange but helpful in the way that throwing away information is not hurting accuracy, it
rather improves by 2%. Thus, it can be observed that distance of feature point from the
classifier can be discarded. Only the information of which side of the classifier the feature
point lies is sufficient for the algorithm to produce good classification results. This shows

the strength of using binary codes for classification.
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FIGURE 4.5. McNemar test on 5 splits of data using chi-square statistic, com-
pared for different number of binary classifiers of bit vectors and floating point
vectors. Cells marked in blue have p>=0.05, and the ones in red have p<0.05

4.5. EXPERIMENT 4: BINARIZATION OF FEATURE VECTORS

From the above experiment described in Section 4.3, we saw that binarization of dot
product of feature vectors and weak classifiers did not hamper the classification accuracy. So,
it can be observed that binarization could be useful as it helps in throwing away information

and still does not has a negative impact on accuracy. Thus, we perform an experiment to
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explore effect of binarization on feature vectors, as most of the values in Googlenet features
are zero. The binarization of feature vectors means all the value above zero are assigned a
value one.

The results of the experiment as depicted in Fig 4.6, show that binarization of feature
vectors does not help in increasing the accuracy. The accuracy rather drops significantly
from 89% to 78%. Thus, we can conclude that floating point information contained in the

feature vector is useful.
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FIGURE 4.6. Experiment to demonstrate effect of binarizing the feature vectors.
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4.6. EXPERIMENT 5: BIT SELECTION

The aim of the set of experiments described in this section is to examine effect of length
of binary code on classification accuracy, and find ways to select a subset of bits that can
achieve the maximum possible accuracy this algorithm can obtain. From Experiment 3, we
can say that bit vectors are a better choice than floating point vectors. Now, the next step
is to optimize length of binary code. One of the strengths of RIDMBC is that there is no
tap on length of bit code, i.e. we can use as many binary classifiers as desired. But having
longer codes than necessary will increase space and time complexity. So, we explore different
ways to select a subset of binary classifiers to obtain best classification results.

First of all, we compare all methods of optimizing length of binary code using RIDMBC
algorithm to a baseline experiment. In the baseline experiment, we pick a simple classifier:
k-nearest neighbor classifier. As we can see in Fig. 4.7, the baseline experiment gives an
accuracy of about 80%, as shown by yellow line.

Now, we want to analyze effect of length of binary code using RIDMBC on accuracy.
To accomplish that, a fixed number of binary classifiers are trained and a subset of bits are

selected for classifying test data, and this method is named as bit selection.

4.6.1. BIT SELECTION. In bit selection, a subset of bits is chosen by training a fixed
number of binary classifiers. Then, we analyze how many bits are necessary to obtain the
classification accuracy same as when all the binary classifiers are used. For this experiment,
the total number of classifiers trained are 2000 and a smaller set of classifiers are picked
for classification, depicted by x-axis of Fig. 4.7. The different ways used to select bits are

discussed below.
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FIGURE 4.7. Experiment to demonstrate effect of length of binary code.

e Randomized: The first intuitive way is to pick a subset of classifiers randomly for

classification. This is not a smart way to pick classifiers, but since roots of RIDMBC
algorithm are based on randomization, it can be expected to perform well. As we
can see from classification result in Fig. 4.7, as depicted by blue line, randomly
selecting about 400 classifiers reaches the maximum accuracy obtained when all the
classifiers are selected. Also, it can be observed that just 100 randomly selected

classifiers are enough to beat kNN classifier.

e Best performing independent bits: The next step is to pick classifiers smartly, and

see if number of classifiers, needed to achieve the maximum accuracy obtained when
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all classifiers are used, can be reduced. In this experiment, bits of binary code were
chosen on the basis of performance of each individual bit. Accuracy of each bit
was measured by considering each test sample and checking if label of each bit of
that sample matched with dominant label of corresponding bit of training samples
of the class to which that test sample belongs. The bits are sorted in order of their
decreasing accuracy, and the subset of best performing independent bits are picked.
Fig. 4.7 shows that this way of bit selection, as depicted by the red line, does not
perform well. An explanation to justify drop in performance could be that the bits
selected are correlated and make the same mistakes. Therefore, a solution to this
problem could be picking bits by a greedy method that selects binary classifiers that
are not correlated to each other.

o Greedy Correlation Minmaz: The aim of using Minmax Correlation algorithm
is to pick bits that have low correlation with each other. Bit selection begins by
choosing first bit using the above algorithm of best performing independent bit.
Then, for every non chosen bit, we find correlation with each chosen bit and choose
the maximum correlation with each chosen bit of each unchosen one. The unchosen
bit which has the minimum value of these maximum correlations would be chosen
next. Fig. 4.7 shows that Greedy Correlation Minmax, as depicted by green line,
performs better than best performing independent bits but only as good as random

bit selection.

In Fig. 4.7, the presence of error bar at the any point in the graph means that an
experiment was conducted at that bit code length( x-axis of graph). It can be seen that

there are more error bars for smaller number of classifiers. This is because accuracy changes
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drastically when the number of classifiers is low, so the experiments are performed more for

smaller numbers, so as to have better understanding of the curve.

4.6.2. CORRELATION IN BIT SELECTION METHODS: As observed in the above bit se-
lection experiments, random bit selection performs as good as greedy correlation minmax,
whereas best performing independent bit selection is performing much worse than the other
two methods. An explanation could be presence of higher correlation in best performing
independent bits, as compared to other two methods. So, an experiment was performed to
find the correlation among the binary classifiers selected by these methods.

Fig. 4.8 shows heatmap of correlation of binary classifiers with each other, for each
method of bit selection. The diagonal is entirely red because correlation with self is 1, which
is maximum. In fig. 8(c), we can see that it is much more red as compared to other two
heatmaps, which indicates correlation is much higher among the binary classifiers selected
by best performing independent method of bit selection. Fig. 8(a) and 8(b) show that

correlation among the bits is not too high, and thus, they perform well.

4.6.3. EXHAUSTIVE BIT SELECTION. From the above experiments, it seems that random
bit selection is the fastest method of bit selection and gives as much accuracy as any other
method. To determine whether it is the best method of bit selection and gives the best
possible accuracy as can be obtained by RIDMBC, the only way to assure that is to exhaust
all the possible k sized subsets of a bigger set and see what is the maximum accuracy that
can be obtained. But this exhaustive method would take a long time if done on large number
of classifiers. So, we train 10 classifiers and select all subsets of 5 bits, so 10 choose 5 gave

252 possible selections.
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FI1GURE 4.8. Heatmap for correlation among bits selected by bit selection methods

Table 1 shows the maximum accuracy that can be obtained by exhausting all possible
selections compared to the above bit selection methods. The maximum classification accu-
racy obtained was 20.34%. The mean accuracy among all the combinations of 5 bits was
17.03, with a standard deviation of 1.15. Since, the difference between mean accuracy and
maximum accuracy is not negligible, it can be concluded that random bit selection will have
very low probability to obtain the maximum possible accuracy. A couple of experiments
were performed using random bit selection and correlation minmax method. Correlation

minmax method gave an accuracy of 16.3, which is close to mean accuracy but not close to
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maximum accuracy obtainable, thus, not making it any better than random. Hence, there

is a scope of selecting bits more smartly to achieve the maximum accuracy.

Classification Accuracy (%)

Random 154
Correlation minmax | 16.3
Maximum 20.34
Mean 17.03

Standard Deviation | 1.15
TABLE 4.1. Comparision of bit selection methods for object classification
when 5 bit vectors are selected out of 10 trained bit vectors. Random bit
selection and correlation minmax are compared to best possible accuracy ob-
tainable by exhausting all combinations of selecting 5 out of 10 bits.

4.7. EXPERIMENT 6: AVERAGE BIT VECTOR

The goal of this experiment is to find out if there is a binary code representation that
would represent the whole object category, which would help in predicting the category label
for a test image. For prediction of category of a test image, the binary code of a test image is
compared to binary code of all the training images. In this experiment, the binary codes of
all the training images of a particular category are averaged to produce a binary code with
weights. The binary code consists of bit labels that are in majority and their weight is the
difference between count of the dominating label and the other label, divided by total number
of samples. So, a weighted hamming distance is computed for each test image instead of
simple hamming distance but number of comparisons are reduced from number of training
samples to number of object categories.

Fig. 4.9 shows the result of using average bit vector for object classification, as compared
to when normal hamming distance is used. We can see that classification accuracy is about

the same. So, using bit vectors, the classification process is speeded up without loss in
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accuracy. Thus, it can be concluded that average bit vectors are a good representation of an

object category.
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FIGURE 4.9. Experiment to evaluate performance of average bit vector

4.8. EXPERIMENT 7: DIMENSIONALITY REDUCTION OF FEATURES USING PCA

The feature vector obtained from GoogleNet for each image is 1024-dimensional. We
conduct an experiment to examine if information contained in 1024 dimensions could be
compressed such that it does not impact classification accuracy. To accomplish that, we use
Principal Components Analysis(PCA) to reduce the dimensionality by picking the eigenvec-

tors with maximum variance. In this experiment, we reduce dimensionality of feature vector
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repeatedly by 50% until we see a considerable drop in accuracy. The original length of 1024
is reduced to 512, 256, 128, 64 and 32. Fig. 4.10 shows that accuracy is not affected until
the dimension is compressed to 128. Therefore, a compression to about 12.5% of the original

dimension does not hurt the accuracy.
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F1GURE 4.10. Experiment to demonstrate effect of PCA compression on accuracy

Now, lets examine the effect on accuracy of reducing dimensionality on varying the length
of binary code, i.e. the number of binary classifiers. From the Fig. 4.11, we can see that the
accuracy is not affected by compressing the original feature dimension to 12.5% and using
just 500 bits. Fig. 4.12 shows that compression of different percentages greater than 12.5%
are not statistically significant.
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CHAPTER 5

CONCLUSION

This paper presents the analysis of interaction of Convolutional Neural Networks and
Visual Hashing. The algorithm of RIDMBC which was originally developed for face recog-
nition, was extended to a broader domain of object recognition, to examine the strength of
binary codes to represent object images. We explore what kind of information is contained
in feature vectors obtained from deep neural nets and which floating point information can
be compressed and thus binarized, in the context of object recognition. We also try to op-
timize the length of binary codes and examine a way of selecting a subset of bit vectors
to represent images in a way as to obtain best classification results, while trying to bring
down computation cost. The experiments were performed on Caltech-101, which contains
a diverse set of 101 categories, comprising of 9K images, that have a lot of interclass and
intraclass variations.

The first basic experiment was to explore the length of binary code i.e. the number
of binary classifiers needed to achieve best performance and see if the accuracy saturates
after a certain number of binary classifiers. The results showed that about 500 classifiers
are sufficient to obtain the maximum accuracy of about 88%, which does not change if the
number of classifiers is increased.

Another experiment was performed to analyze the very basic component of binarization
that the algorithm is based on. We examine how does the binarization of dot product of
feature vector and classification hurts the accuracy, as compared to using the float values of

dot product and using euclidean distance as the distance metric. The results showed that
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the binarization did not hurt the accuracy, which means that which side of the classifier the
sample lies is important but distance from the classifier is not.

Another set of experiments to analyze the effect of binarization was to binarize the feature
vectors obtained from deep neural nets. Results showed that floating point information
contained in the feature vectors is useful and representative of image features.

The next set of experiments were performed to analyze the different ways of selecting a
subset of bits that are enough to achieve a comparable accuracy, as when all the bits are
used. The results showed that random bit selection is as good as other methods of smartly
selecting the bits, like decorrelating the bits or choosing best performing independent bits.
Another experiment was performed to examine if there a bit vector that could represent an
entire object category, which would help in the prediction of category label of a test image.
Instead of making comparison to each training image, now a hamming distance could be
computed to just a vector that represents the whole category. This was accomplished using
average bit vector which deduced by averaging the bit vectors of all the training images. This
gave a bit vector with weights attached to each bit. Using average bit vector gave about the
same classification accuracy as compared to when hamming distance is computed to each

training image.

5.1. FUTURE WORK

The extension of RIDMBC into the domain of object recognition using deep neural nets
has a lot of scope in achieving better accuracy and faster runtime. Some components of the
algorithm can be compressed and modified to obtain better classification results.

The way the features are extracted and choice of classifiers opens a lot of possibilities to

improve the results. We have used PCA for dimensionality reduction of feature vectors, but
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using methods like Linear Discriminant Analysis(LDA) which discriminate among classes
can be useful.

We discussed a few methods of bit selection where we tried to pick bits smartly and
randomly but we could not achieve the achieve the highest possible accuracy obtainable. So,
there is a scope of coming up with a way of selecting a subset of bits that can achieve the
maximum accuracy possible. Also, availability of faster computation resources can help in
exhausting more bit selection strategies.

We came up with an average bit vector that helps us producing a bit code with weights
obtained by averaging of bit vectors of training images. So, there is scope of coming up
with a smarter way of assigning weights to the bit vector that represents a bit vector for a

particular category of images.
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