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ABSTRACT

Kim, Joonsoo. Ph.D., Purdue University, August 2017. Context Based Tattoo Image
Analysis with Applications in Public Safety. Major Professor: Edward J. Delp.

Law enforcement is interested in exploiting tattoos as an information source to

identify, track and prevent gang-related activities. In this thesis we examine several

aspects of tattoo image analysis and how to extract useful information from tattoo

images. There are problems with existing tattoo image systems. For example, many

existing tattoo retrieval systems do not use local and global image descriptors robust

to deformations caused by ”manually constructed” tattoos on human skin. One other

issue is that most tattoo images are manually cropped to remove background clutter

from the image before analysis.

In this thesis we examined various aspects of a tattoo image retrieval and classifi-

cation, in particular we investigated segmentation, classification, image matching and

retrieval. A tattoo region is segmented using graph-cut tattoo segmentation based

on image edges, a skin color model and a visual saliency map. We generate local and

global image descriptors for the segmented image based on multiple polar histograms

to introduce robustness against various deformations. The multiple polar histograms

are combined with SIFT descriptors in the local image descriptor and 2D DFT in

the global image descriptor. We then search our tattoo image database and retrieve

images similar to the segmented image using an image matching technique based

on both descriptors. To improve the image retrieval accuracy, not only we find the

pairwise image similarity between an input image and a database image but we also

incorporate all the image similarities between the database image and other database

images using inductive matching.
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For the tattoo image classification, sparse codes based on dense SIFT descriptors

are generated. The sparse codes are then combined with a spatial pyramid feature

pooling to incorporate the spatial distribution of the sparse codes. A spatial pyramid

alignment method is additionally used to improve the image classification accuracy.

These methods are evaluated on datasets that were collected from the Indiana State

Police, eviltattoo.com, and the NIST tattoo challenge dataset.
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1. INTRODUCTION

1.1 Tattoo Segmentation

Tattoos are very important in monitoring criminal gang activities and gang mem-

bers. A large percentage of gang members use tattoos to “display” their gang affili-

ation and their identities in criminal activities. Therefore, law enforcement has been

interested in exploiting tattoos as an information source to investigate gang-related

activities as well as for gang member identification.

Many tattoo image retrieval systems, that retrieve similar tattoo images from a

tattoo image database, have been proposed [1–10]. For the accurate image retrieval,

most of them use the tattoo segmentation to crop the tattoo regions only.

The importance of the tattoo segmnetation is also addressed in the Tattoo Recog-

nition Technology - Challenge (Tatt-C) [11]. NIST (National Institute of Standards

and Technology) conducted the Tatt-C in early 2015 for developing tattoo image

recognition methods [12]. They provided the Tatt-C database that consists of five

datasets focused on five primary use cases: tattoo identification, region of interest,

mixed media, tattoo similarity, and tattoo detection [12, 13]. After reviewing the

tattoo recognition methods submitted in the Tatt-C, they reported that the accurate

tattoo segmentation (or localization) is important to improve the tattoo recognition

accuracy [11].

Many existing tattoo image retrieval methods manually crop the tattoo image to

remove varying background from an image because there are lots of challenges in the

tattoo segmentation. For example, the skin detection, which is the initial step in

tattoo segmentation, sometimes fails when the background has color similar to skin

tones, there is an illumination change, or different skin tones should be detected.
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Also, when there is background clutter, many existing image segmentation methods

could not find the tattoo region correctly.

Many tattoo image segmentation methods have been proposed [1,2,5,7–9,14–17].

In [7–9] tattoo segmentation is used to extract a tattoo shape as well as to remove

varying background from an image. In [7, 9] a Sobel operator and morphological

operators are used to extract low level features such as color, texture and shape for

tattoo image retrieval. Instead of using a morphological operator, which is not robust

to weak edges, active contour based segmentation [18] is used in [9]. However, the

segmentation methods in [7–9] use pre-cropped images and it is assumed that the

background is mostly skin and homogeneous.

In [1,2,5,14,15] efficient tattoo segmentation methods are introduced for non pre-

cropped images. The use of the HSV color space to find skin regions is investigated

to segment tattoos in [1, 15]. In [5] tattoo segmentation is done using skin detection

followed by a figure-ground segmentation. In [2] a visual saliency map model is used

along with Grabcut [19] and QCC (Quasi Connected Components) [20] for tattoo

segmentation. In [14] the tattoo region detection is used to de-identify the tattoo

region for privacy protection. This method detects the skin regions using the skin

color model roughly and uses the SIFT matching [21] to find the tattoo region more

precisely.

Since the performance of a deep neural network has been proved in the image

segmentation as well [22–25], the deep neural network learning based tattoo local-

ization methods have been proposed [16, 17]. To train a deep neural network for a

segmentation, the pair of an image and a ground truth segmentation map is necessary.

Once the neural network is trained, a test image will be presented into the network,

and it will generate the segmentation map that labels each pixel in the test image.

Like the neural network for image recognition, CNN (convolutional neural network)

architecture [26] shown in Figure 1.1 is also used in the neural networks for segmen-

tation. However, a fully connected layer, which is used in CNN, is not used in this

network. Instead of the fully connected layer, convolutional layer is used because the
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neural network for image segmentation should generate a segmentation map while

the network for image recognition generates an object class vector.

Fig. 1.1.: The Convolutional neural network (CNN) architecture

In [16] CNN [26] is trained using the tattoo image patches. Once the CNN is

trained, all the image patches in a test image are presented into the CNN and they

are classified as the tattoo patches or the non-tattoo patches. In [17] the faster R-

CNN [24, 27] is customized to localize tattoo regions and classify the tattoo object

together. Given the locations and the class labels of the tattoo objects in an image,

the faster region proposal convolutional neural network (F-RCNN) is trained first.

For test, the location of a tattoo object and the corresponding tattoo class label are

estimated together. This method achieves high localization accuracy, but it requires

lots of ground truth images that include the tattoo locations and the tattoo class

labels. Also, the localization accuracy is highly dependent on the region proposal

methods used in the network.

1.2 Tattoo Image Retrieval Based on Image Matching

A large percentage of criminal gang members use tattoos to show gang affiliation

and to draw attention to events in their lives related to criminal activity. For this

reason law enforcement is interested in exploiting tattoos as an information source

to identify, track and prevent gang-related crimes. One application scenario is the

use of tattoo information at the time a suspect is arrested. One would like to be
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able to retrieve similar tattoos from a tattoo image database and determine who that

individual might be associated with. Another application is to recognize gang symbols

or other information depicted in the tattoo. Since a tattoo is “manually constructed”

on a surface (skin) that has irregular properties, a tattoo image contains deformations

that can affect the image matching process. Also, tattoos have weak edge structures,

adding more difficulties for image analysis and matching. The combination of ink

color, skin color, skin textures (e.g. scars) and hair add even more challenges.

There exist many methods focused on tattoo image retrieval [4,6–9,15,17,28–34].

In [9] low level features such as color, texture and shape are used for a content-based

tattoo image retrieval system. Instead of using a morphological operator, which is

not robust to weak edges, active contour based segmentation [18] is used to extract a

tattoo from an image in [8]. In [7] a new rank-based distance metric learning method

is described for a tattoo image retrieval system based on low level attributes. In [28]

the same authors insists that a tattoo image retrieval system should be based on the

concept of “visually similarity,” which can narrow the “semantic gap” [35].

SIFT (Scale-invariant feature transform) [21] has been widely used to combine

with a Bag-Of-Words (BOW) [36] model in [3, 37, 38]. In [37] the computational

complexity of SIFT feature clustering is examined when the features are quantized

in the BOW model. In [38] the quantization error caused by feature clustering in

the BOW model is further studied using multiple BOW models and combined using

weighted averages. The quantization error problem in the BOW model is also ad-

dressed in [3] using Hamming distance and geometry consistency to improve retrieval

accuracy.

In [4,6,29–32] various matching based tattoo image retrieval systems are described.

Matching a tattoo sketch used in the identification of a suspect with a real tattoo

image is discussed in [29,31]. In [6] geometric constraints of SIFT are used to improve

image matching accuracy. A robust similarity metric is described for SIFT based

image matching in [4]. In [32] an accurate feature extraction method based on higher
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order scale space is addressed. In [30] they show that the image registration between

two tattoo images can improve the image recognition accuracy.

Since the deep neural network architecture has shown its success in an image

retrieval [34, 39, 40], many deep neural network based methods have been proposed

to recognize and retrieve a tattoo object [15, 17, 33, 34]. One of the most famous

networks for an image retrieval is Siamese network [39]. This network is composed of

two independent CNNs. Each CNN accepts an image as an input. Note that all the

images should have the same size. The output of each CNN is then compared with

each other using a distance metric. By minimizing the difference of the outputs of

two CNNs based on the distance metric, the Siamese network is learnt.

In [33], CNN (convolutional neural networks) [26] is customized to determine if an

image includes a tattoo. This network consists of five convolutional layers and three

fully connected layers. The experiment shows that a CNN based tattoo classification

outperforms all the methods reported in NIST tattoo challenge [11]. The correlation

neural network is used to classify the tattoo object after the tattoo localization in [15].

This network consists of four layers: the first layer is an input layer, the second layer is

a fully connected layer, the third layer is a fully connected layer but it has less number

of neurons than the second layer, and the last layer is an output layer whose a neuron

represents the class of similar tattoos. In [34], they use Siamese network [39] for

matching two tattoo images and convolutional neural network (CNN) for classifying

a tattoo image. This Siamese network consists of two CNNs. Each of an input

image and a reference image is presented into each CNN. The output of each CNN

is then compared with each other using the triplet loss function [41]. By minimizing

the loss function, the Siamese network is learnt. The experiment shows that the

Siamese network based image matching method outperforms all the methods reported

in [11] for the tattoo similarity dataset [13]. In [17] the faster R-CNN [24,27] is used

to localize tattoo regions and classify the tattoos at the same time. The region

proposal [42–45] that can include tattoo objects is extracted first. The extracted

region proposal is presented into CNN as an input image. The object class vector is
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generated as the output of the R-CNN, and the class with the maximum element of

the vector is chosen as the class of the object in the region proposal.

1.3 Tattoo Image Classification Based On Sparse Coding

For image classification, the bag of visual words (BOW) [46] model has been widely

used. Among several BOW models, the sparse coding method has been more popular

than any other methods because the sparse coding based image representation is more

robust to the appearance and shape variations of the image objects that belong to the

same class. Since the tattoo images have lots of the appearance and shape variations,

we use the sparse coding technique to represent the tattoo image.

To represent an image using the BOW model, the local image feature such as

SIFT is extracted first. Then, each local feature is coded using a set of predefined

codewords. The set of codewords is referred to as the codebook. Coding features using

the codebook is analogous to representing vectors using a set of basis vectors. The

codebook is usually constructed using a set of local image features randomly sampled

from the training images. The feature coding vector is the output of the coding

process. It is comprised of a set of coefficients where each coefficient is the contribution

of a particular codeword in representing the feature. Vector quantization (VQ) [47,48]

simplifies the coding process by assuming that a feature can be represented by a

single codeword. Therefore, all the elements of the coding vector are zeros except

for a single element corresponding to the codeword closet to this feature. However,

vector quantization is not adequate to represent the variation of features. This causes

degradation in the performance of image representation and classification. Sparse

coding [49–59] has been utilized to address this problem. In sparse coding each local

image feature is represented by a combination of a small number of codewords. The

final image representation is based on the coding vectors of all the local image features.

To combine multiple coding vectors into a single vector, average or max pooling [60]

is utilized. In average pooling, the final image representation vector is computed by
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Fig. 1.2.: Example of the BOW model with the spatial pyramid

averaging all the coding vectors, whereas max pooling uses the maximum value of each

element among all the coding vectors separately. Figure 1.2 shows an example where

dense SIFT local features (represented by red stars) are extracted from an image.

The basic BOW model combines the features coding vectors (left side in Figure 1.2

without considering the spatial distribution (layout) of the local image features. This

means that the spatial locations of the local images features are not used in the BOW

model. This drawback of the BOW model limits the descriptive power of the final

image representation.

To address this problem, spatial pyramid feature pooling (SPP) [47,49,52–58] has

been proposed and incorporated in most feature coding methods. To construct a

spatial pyramid, an image is partitioned into 2l × 2l subregions at different lth levels

(l=0,1,2), as shown in Figure 1.2 (right).

The first level consists of 16 subregions, whereas the second level contains 4 sub-

regions and the third one is a single region. Instead of using max or average pooling

on the entire image, SPP is done on each subregion. The final image representation

of SPP is the concatenation of all the subregions representation vectors. Existing

methods which are based on SPP assume that the center of an object is aligned with

the center of the image. Therefore, the center of the image is used as the center of

the spatial pyramid. However, the center of most images are not aligned with the
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center of objects correctly. This misalignment propagates in feature pooling results

in several subregions at multiple pyramid levels.

1.4 Contributions Of The Thesis

In this thesis we first investigate a tattoo segmentation method that removes

background clutter from an image. We then introduce our tattoo image retrieval

system based on the proposed local and global image descriptors. We also improve

our previous image descriptor and image matching method for more accurate image

retrieval. We describe our submissions to the Tatt-C Tattoo Identification (TID)

and the Tatt-C Region of Interest (ROI). We propose our spatial pyramid alignment

technique for sparse coding based object classification. This technique is used on the

tattoo image dataset as well as public object recognition image datasets. Last, we

introduce a shape descriptor known as Self Similar Affine Invariant (SSAI) descriptor

for shape retrieval. The main contributions of this thesis are listed as follows:

• Efficient Graph-Cut Tattoo Segmentation

We propose a graph-cut tattoo segmentation method based on image edges,

a skin color model, and a visual saliency map to find skin pixels around tat-

too regions. The post processing, that detects the skin pixels around a tattoo

only from the graph-cut segmentation results, is then used. The method was

evaluated on datasets that were collected from the Indiana State Police, eviltat-

too.com [61], and NIST tattoo challenge dataset [13]. Experimental evaluation

demonstrates that our segmentation method can detect and segment tattoo

regions correctly even when a tattoo image includes background clutter.

• Efficient Graph-Cut Tattoo Segmentation with Body Boundary Removal

We propose body boundary removal (BBR) method to improve our previous

segmentation method. The previous method makes errors when tattoo regions

are very close to the boundaries of human body. Thus, our BBR method fixes
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the errors by removing the skin pixels on the boundaries of human body. Ex-

perimental results demonstrate that the segmentation errors of our previous

method are reduced using BBR.

• Tattoo Image Matching and Retrieval Based on Local Image Descriptor (MHLC

Descriptor) and Global Image Descriptor Robust to Image Deformations

We create new local and global shape descriptors robust to scale, translation,

rotation, and shape distortions for tattoo image retrieval. By using the scale

invariant feature transform (SIFT) with local shape context based on multiple

different sized-bin polar histograms (MH), more accurate image matching can be

obtained. A global shape descriptor based on MH and a 2D Fourier Transform

is also used for robustness of translation, scale, rotation and shape distortions.

We also describe robust similarity for local descriptors and a weighted matching

method based on local and global descriptors. Experimental results show that

our method outperforms several existing methods.

• Tattoo Image Matching and Retrieval Based on Modified MHLC Descriptor

(DMHLC Descriptor)

We introduce the improved MHLC descriptor, called as DMHLC descriptor.

Instead of using the spatial distribution of the SIFT features, the DMHLC de-

scriptor uses the spatial distribution of the densely sampled features on the

tattoo object to generate the multiple polar histograms. The multiple polar

histograms are combined with the SIFT descriptor to generate DMHLC de-

scriptor. Our experimental results show that our DMHLC descriptor improves

the image retrieval accuracy much more than our MHLC descriptor.

• Modified Inductive Matching

We introduce our modified inductive matching to improve the image retrieval

accuracy. By considering all the similarities between all the images in the

database, the image retrieval accuracy is improved. The modified inductive
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matching retrieves the most dissimilar M2 database images respect to an input

image first. Then, the mean of the image similarities between the M2 database

images and one database image is considered to compute the final image sim-

ilarity between the input image and the database image. Our experimental

results show that the modified inductive matching improves the image retrieval

accuracy more than the pairwise image similarity based on the image matching

of two images.

• The Our Submissions to NIST Tattoo Recognition Technology Challenge

For tattoo image retrieval on NIST Tattoo Identification (TID) dataset, the

tattoo image retrieval system based on the MHLC descriptor is introduced.

Experimental results show that our method outperforms the method of [4]. Our

method also outperforms five different methods reported in the NIST challenge

[11]. For tattoo image retrieval on NIST Region of Interest (ROI) dataset, we

also create another image descriptor based on local self similarity (LSS) [62]

and SIFT. We also propose a weighted distance similarity metric to retrieve the

most similar images from the test dataset. Experimental results demonstrate

that our method outperforms the method of [4]. Our method also outperforms

four different methods reported in the NIST challenge [11].

• Spatial Pyramid Alignment For Sparse Coding Based Object Classification

We propose a simple but efficient spatial pyramid alignment method that can

be combined with the existing sparse coding methods. By using max pooled

features, we estimate an object center and align the spatial pyramid accordingly.

We also propose an image representation descriptor robust to misalignment and

object deformations using max pooling on multiple image descriptors generated

by shifting the pyramid center in a pre-defined margin. We test the modified

center-aligned spatial pyramid with the sparse coding method on the tattoo

image dataset as well as public object recognition image datasets. Our experi-

mental results show that our proposed spatial pyramid with the sparse coding
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improve the image object classification accuracy more than the original spatial

pyramid with the same sparse coding.

• Shape Matching Using A Self Similar Affine Invariant Descriptor

We introduce a shape descriptor known as Self Similar Affine Invariant (SSAI)

descriptor for shape retrieval. The SSAI descriptor is based on the property

that two sets of points are transformed by an affine transform, then subsets

of each set of points are also related by the same affine transformation. Also,

the SSAI descriptor is insensitive to local shape distortions. We use multiple

SSAI descriptors based on different sets of neighbor points to improve shape

recognition accuracy. We also describe an efficient image matching method for

the multiple SSAI descriptors. Experimental results show that our approach

achieves very good performance on two publicly available shape datasets.
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2. TATTOO SEGMENTATION

2.1 Review of Existing Methods

In image retrieval and recognition applications, image segmentation is a significant

preprocessing step to improve the image retrieval and recognition accuracy [24,27,63–

67]. As the result of image segmentation, object regions are segmented (or localized)

from an image and the shape of the object is obtained. The segmented image is then

presented into the image retrieval or recognition system to find the images with similar

object or to classify the segmented image. The main purpose of the segmentation is

to focus on the objects only by removing background clutters.

For the same reasons, the tattoo segmentation (or localization) is a very important

step in the tattoo image retrieval or he tattoo image classification. In [11, 68], they

show that the accuracy of tattoo image retrieval or classification can be dropped

significantly when the tattoo segmentation is not used.

There have been many image segmentation methods such as graph based segmen-

tations [19,69,70], active contour based segmentations [18,71,72], and deep learning

based segmentations [22–24].

An active contour (snake) based segmentation [18,71,72] evolves a closed contour

from some initial position toward the actual boundary of an object. The initial

position of the contour is generally specified by a human or is roughly determined by

an object detection method. Once the initial contour is determined, the evolution of

the contour is done by minimizing an energy function. The energy function generally

consists of two energy terms: an internal force energy and an external force energy.

The internal force energy evolves the contour more smooth while the external force

energy makes the contour to be near the boundary of an object.
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In graph based segmentation [19, 69, 70, 73], an image pixel (or the group of the

image pixels close to each other) is considered as a node of a graph. The relationships

between the image pixel and the neighbors of the pixel are represented as the edges

between nodes in the graph. Once the graph is constructed in an image, the segmen-

tation problem is formulated as a graph partition problem. Many graph optimization

methods [70,73,74] can be then used to solve the segmentation problem. One of the

most famous graph based segmentation methods is a graph-cut segmentation [69,73].

In the graph-cut segmentation, a segmentation problem is formulated as 2-class la-

beling (foreground or background) problem. For example, the pixel, i, is labeled by

minimizing the following Gibbs energy:

E(x) =
∑

i∈I

D(xi) + λ
∑

i∈I,j∈Ni

V (xi, xj), (2.1)

where i is a pixel, I is an image, Ni are neighbors of pixel i, D(xi) is the data term,

xi ∈ {0(background), 1(foreground)} is a label for i, and V (xi, xj) is the smoothness

term. Depending on applications, the different data term and the smoothness term

can be defined to achieve the best performance. Once all the energy terms are defined,

the Gibbs energy is minimized using the graph optimization such as min-cut/max flow

in [74] and normalized cut [70].

In the deep learning based segmentations [22–25], the pair of an image and a

ground truth segmentation map is necessary to train the deep neural network. Once

the neural network is trained, a test image will be presented into the network, and it

will generate the segmentation map that labels each pixel in the test image. Like the

neural network for image recognition, CNN architecture [26] is also used in the neural

networks for segmentation. However, a fully connected layer, which is used in CNN,

is not used in this network. Instead of the fully connected layer, convolutional layer

is used because the neural network for image segmentation generates a segmentation

map while the network for image recognition generates an object class vector.

One of the most famous neural network for image segmentation is SegNet [22]. As

shown in Figure 2.1, SegNet consists of multiple convolutional layers such as convolu-
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tional layers and deconvolutional layers. Convolutional layers (or called convolutional

encoder) make the size of the input in each layer to be smaller using pooling while

the deconvolution layers (or called convolutional decoder) make the size of the input

in each layer to be bigger using upsampling. That is because the convolutional layer

should approximate the input in each layer to be robust to image deformations while

the deconvolutional layer should make the size of segmentation map the same as an

input image.

Fig. 2.1.: The SegNet architecture

These segmentation techniques have also been investigated in tattoo segmentation

for content-based tattoo image retrieval. In [7,9] a Sobel operator and morphological

operators are used to extract low level features such as color, texture and shape

for tattoo image retrieval. The Sobel operator is used to compute the magnitudes

and orientations of gradients at each pixel. The morphological closing and opening

operations are then used on the regions where the magnitudes of gradients are large to

find a tattoo region. The color, texture and shape features are then extracted on the

detected tattoo region. Instead of using a morphological operator, which is not robust

to weak edges, active contour based segmentation [18] is used in [8]. An area open-

close filter [75] is used to remove small scale objects and noise first. The contour

of a tattoo region is detected using Vector filed convolution (VFC) contour based

segmentation [18]. A skin detection method is then used to extract the tattoo region

only. The same low level features (color, texture, and shape) extracted from the region

are used to generate an image descriptor for a tattoo. However, the segmentation
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methods in [7–9] use pre-cropped images and it is assumed that the background is

mostly skin and homogeneous. The methods are also sensitive to textures, so they

often fail to separate the tattoo from complex backgrounds.

In [1, 2, 5, 14, 15], efficient tattoo segmentation methods are introduced for non

pre-cropped images. The use of the HSV color space to find skin regions is investi-

gated to segment tattoos in [1, 15]. Once the skin regions are detected, the negative

transformation is used on the regions to segment a tattoo region only. However, the

fixed color range defined to detect skin pixels is restricted to Asian people, and it can

be affected by illumination, background, and camera characteristics. In [5] tattoo

segmentation is done using skin detection followed by a figure-ground segmentation.

Based on the assumption that the center region of a tattoo image contains skin, the

regions including both skin and tattoo are first detected by merging the regions con-

nected with the center region. Then, a figure-ground segmentation using k-means

(k=2) clustering [76] is used in the RGB color space to distinguish a tattoo region

from a skin region. However, the assumption is not true in general and k-means (k=2)

clustering in the color space cannot distinguish skin and tattoo when a tattoo has

various colors. In [2] a visual saliency map model is used along with Grabcut [19] and

QCC (Quasi Connected Components) [20] for tattoo segmentation. First, the region

around a tattoo is detected based on a visual saliency model. Then, Grabcut segmen-

tation [19] is used in the region to localize a tattoo region in more detail. In parallel

QCC is used in the detected edge map to find the connected regions that have lots

of textures. The final tattoo region is then segmented using the results of Grabcut

and QCC. However, the accuracy of this segmentation method highly depends on the

accuracy of a visual saliency map. In [14], a tattoo region detection method is intro-

duced to de-identify the tattoo region for privacy protection. This method detects

skin regions first using the skin color model and the geometric constraint. The holes

and cutout regions close to the detected skin regions are combined to formulate the

region of interest (ROI). From the ROI SIFT features [21] are extracted, and SIFT

feature matching against the tattoo images in the database is done to find the tattoo
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region only. However, the SIFT matching based tattoo region detection could be

incorrect when there are not similar tattoo images in the database.

The deep neural network learning based tattoo localization methods have been

proposed [16, 17]. In [16], CNN (convolutional neural networks) [26] is trained using

the tattoo image patches. Once the CNN is trained, all the image patches in a test

image are presented into the CNN and they are classified as the tattoo patches or the

non-tattoo patches. The regions including the detected tattoo patches are roughly

considered as initial tattoo regions. The morphological operations is then used in the

regions to find tattoo blobs. The final tattoo regions are detected to find s closed

contour on the tattoo blobs. In [17] the faster R-CNN [24,27] is customized to localize

tattoo regions and classify the tattoo at the same time. Given the locations and the

class labels of the tattoo objects in an image, the faster region proposal convolutional

neural network (F-RCNN) is trained first. For test, the location of a tattoo object and

the corresponding tattoo class label are estimated together. This method achieves

high localization accuracy, but it requires lots of ground truth images that include

the tattoo locations and the tattoo class labels. Also, the localization accuracy is

highly dependent on the region proposal methods used in the network.

2.2 Efficient Graph-Cut Tattoo Segmentation

We define the tattoo segmentation problem as finding skin pixels around a tattoo

assuming a tattoo is surrounded by skin. Therefore, we do not need to segment all

pixels in the image. The regions near image edges are the only ones considered for

segmentation (there are always edges between tattoo and skin). We call these regions

“possible segmentation regions”. We detect skin pixels in the regions near image

edges using a probabilistic skin color model based on a Gaussian Mixture Model.

If there are regions that have color similar to skin in the background the skin color

model fails to detect the skin around the tattoo. We additionally use a visual saliency

map to focus on skin near tattoo regions. Our problem can be then considered as



19

a 2-class labeling problem to classify each pixel around edges as skin or non-skin.

A variation of graph-cut segmentation [69] using a skin color model and a visual

saliency map is used in our proposed system. After the segmentation we check which

set of skin pixels are connected with each other that forms a closed contour including

a tattoo. The region surrounded by the closed contour is considered as a tattoo

region. A block diagram of our proposed tattoo image segmentation system is shown

in Figure 2.2.

Fig. 2.2.: Our proposed tattoo image segmentation system

2.2.1 Detection of Possible Segmentation Regions

In this section we describe how the possible segmentation regions are detected.

Since we only focus on regions near edges, edge detection is done first. The Canny

edge detector [77] is used to find edges for each RGB color channel separately. The

edge regions from each channel are then combined. Morphological dilation is then

used to the combined the edge regions to find the regions near edges. These regions
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are considered as “possible segmentation regions”. In Figure 2.3(b) white regions are

possible segmentation regions. There are two advantages to limiting the regions for

segmentation. First, the segmentation errors outside of the possible segmentation

regions can be avoided. Second, the segmentation execution time can be reduced.

(a) Original Image (b) Possible Segmentation Re-

gions

(c) Skin Probability Map

(d) Visual Saliency Map (e) Graph-Cut Segmentation (f) Tattoo Segmentation

Fig. 2.3.: Overall segmentation process

2.2.2 Graph-Cut Segmentation

Once the regions for segmentation are determined, we find skin pixels by using

a 2-class labeling approach. Graph-cut segmentation [69] is described by the Gibbs

energy:

E(x) =
∑

i∈I

D(xi) + λ
∑

i∈I,j∈Ni

V (xi, xj), (2.2)

where i is a pixel, I is an image, Ni is neighborhood pixels of pixel i, xi ∈

{0(background), 1(foreground)}, D(xi) is the data term, and V (xi, xj) is the smooth-
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ness term. To construct the graph for this energy, each pixel in an image is considered

as a graph node and two nodes for foreground and background are added in the graph.

Then, the data term is obtained by connecting each pixel to both the foreground and

background nodes with non-negative edge weights represented by D(xi = 1) and

D(xi = 0). The smoothness term is obtained by connecting each pairwise combi-

nation of neighboring pixels (i, j) with a non-negative edge weight represented by

V (xi, xj). We used the graph-cut segmentation approach described in [69] by modi-

fying the data term, D(xi) for tattoo segmentation. For skin detection, we define the

data term as:

D(xi) = w1D1(xi) + w2D2(xi), (2.3)

where D1(xi) is the energy for the skin or non-skin color model, D2(xi) is the

energy for the visual saliency map, xi = 1 means skin, xi = 0 means non-skin, and

w1 and w2 are weights for D1(xi) and D2(xi). Then, each energy term is defined as:

D1(xi = 1) = −log(p1(xi = 1)), D2(xi = 1) = −log(p2(xi = 1)) for i ∈ PS

D1(xi = 1) = ∞, D2(xi = 1) = ∞ for i ∈ I − PS
(2.4)

where PS are the possible segmentation regions.

The skin models illustrated in [78–85] described the fixed skin color ranges in

different color space to detect skin. However, the skin detection based on the fixed

color ranges cannot model diverse skin colors. Since the each mixture component

of the GMM can model the different skin tone, we use a Gaussian Mixture Model

(GMM) for p1(xi = 1) to train the skin color model on diverse skin tones. It is defined

as:

p(xi = 1) =
M
∑

j=1

πj ∗ g(Ci|uj,Σj) (2.5)
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where Ci is the YCbCr color of ith pixel, πj is the jth mixture weight, M is

the number of mixture components, and g(Ci|uj ,Σj), j=1,...,M, are the component

Gaussian densities. The component Gaussian density, g(Ci|uj,Σj) is defined as:

g(Ci|uj,Σj) =
1

(2π)3/2|Σj|1/2
exp{−

1

2
(Ci − uj)

TΣ−1
j (Ci − uj)} (2.6)

To estimate the skin color model parameters, uj, Σj, and πj we use EM (Expectation-

Maximization) [86] on a skin image dataset obtained from [87]. For p2(xi = 1), we

use the visual saliency map from the GBVS (Graph-based visual saliency) [88]. To

generate the saliency map from the GBVS, feature vectors are extracted using the

method of [89] first. Low-level visual features(color, contrast, and an orientation) are

used as the feature vectors with a Gaussian pyramid in [89]. Then, it generates each

saliency map(activation map) using each feature vector. Lastly, it normalizes each

saliency map and combines all saliency maps together using graph-based approach.

Since the GBVS saliency map does not have the same resolution as the image we

upsample the map using bicubic interpolation. In [90] GMM is also used to train

non-skin color as well as skin color on the skin images. However, We do not use

the GMM to train the non-skin color model because we cannot estimate all non-skin

colors. Instead, we use an adaptive threshold value for D1(xi = 0). Similarly, another

adaptive threshold value is used for D2(xi = 0):

D1(xi = 0) = −log(wt1 ∗
1

nI

∑

i∈I

p1(xi = 1)) for i ∈ PS

D2(xi = 0) = −log(wt2 ∗
1

nI

∑

i∈I

p2(xi = 1)) for i ∈ PS

D1(xi = 0) = 0, D2(xi = 0) = 0 for i ∈ I − PS

(2.7)

where I is an image, nI is the number of pixels in I, and wt1 and wt2 are weights for

thresholds. Since we use adaptive thresholds instead of fixed thresholds forD1(xi = 0)

and D2(xi = 0) the labeling errors can be reduced when the skin colors in an image
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do not fit our skin color model or a GBVS does not fit the image. The smoothness

term, V (xi, xj) is defined as:

V (xi, xj) = |xi − xj| ∗ f(Cij) (2.8)

where f(ξ) = 1
1+ξ

, and Cij = ||Ci − Cj||
2 is the L2-Norm of the YCbCr color

difference of two pixels i and j. This smoothness term is similar to the smoothness

term in [69], but we use YCbCr color space for Ci while the RGB color space was used

for Ci in [69]. The overall Gibbs energy, E(x) is then minimized by min-cut/max

flow in [74]. The min-cut/max flow method consists of three stage: growth stage,

augmentation stage, and adoption stage. In the growth stage it expands the search

trees S and T until they touch each other with generating an s − t path(s : a node

for foreground, t : a node for background). In augmentation stage the path found in

the growth stage is augmented. The adoption stage restores single-tree structure of

sets S and T with roots in s and t.

(a) Original Image (b) Graph-Cut Segmentation (c) Final Tattoo Segmentation

Fig. 2.4.: Examples of false contours: In Figure 2.4(b), the red rectangular box is the

minimum bounding box for a tattoo region, and the blue rectangular boxes are the

minimum bounding boxes which include false contours. Using additional constraint,

Equation (2.9), a tattoo region is only segmented as depicted in Figure 2.4(c)
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2.2.3 Post-Processing

From the graph-cut segmentation the skin pixels near edges are detected as shown

in Figure 2.3(e). Our method also detects skin pixels near the boundaries of human

body as well as the skin pixels near tattoos. To extract the skin pixels only near

tattoos we check which set of skin pixels connected with each other forms a closed

contour with a hole inside because the tattoo pixels surrounded by skin pixels will be

labeled as non-skin and it will formulate holes. We can find the skin pixels near tattoos

by finding the connected components of segmented pixels which have holes inside. As

shown in Figure 2.4(b), however, skin pixels near the boundaries of the body might

formulate closed contours with small holes inside because of segmentation errors. We

will call these closed contours false contours. To distinguish a closed contour near

tattoo with the false contours we additionally check the ratio of the area of minimum

bounding rectangular box including the closed contour to the area surrounding all

pixels connected with the closed contour. Note that if several contours are connected

to each other, a contour including all the connected contours is only considered as

the closed contour in this post processing.

nc + nh

nb

>= tf (2.9)

where nc is the number of pixels in a closed contour, nh is the number of pixels for

a hole inside the closed contour, nb is the number of pixels in the minimum bounding

rectangular box including the closed contour, and tf=0.35 is the threshold to detect

a false contour. If a closed contour satisfies Equation (2.9) the closed contour with

inside regions is considered to be a tattoo region.

2.3 Efficient Graph-Cut Tattoo Segmentation With Body Boundary Re-

moval

Our earlier segmentation method described in Section 2.2 makes errors when tat-

too regions are very close to the boundaries of human body. That is because our
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post processing cannot distinguish the skin pixels around a tattoo from the skin pix-

els near a body boundary when they meet each other. To address this problem, we

propose body boundary removal. We observe that the regions near a body boundary

mostly have simpler textures than the regions near the boundary of a tattoo. Our

proposed body boundary removal (BBR) is based on a histogram of gradient orien-

tation and will remove a pixel that has simple textures in a window region centered

on the pixel. Figure 2.5 shows a block diagram of our tattoo segmentation system

with BBR. The regions are detected using the Canny edge operator followed by a

morphological dilation. Graph-cut segmentation based on a skin color model and a

visual saliency map is used to detect skin pixels near tattoo regions. Skin pixels near

the boundary of human body are removed from the detected skin pixels using BBR.

A parameter of the BBR that determines the degree of the body boundary removal

is iteratively chosen for the particular image. The steps, except for the BBR are the

same as Section 2.2, so we describe the proposed BBR in more detail.

2.3.1 Body Boundary Removal (BBR)

A human body has mostly a smooth boundary and simple textures while most

tattoos have complex boundaries and textures. To measure the degree of texture

complexity a histogram of gradient orientation, weighted by gradient magnitude, is

used as our texture descriptor. First, a moving window, Wi is centered on a segmented

pixel i resulting from the graph-cut segmentation. A histogram of gradient orientation

weighted by gradient magnitude, hi(m), is then computed for Wi. If the maximum

value of hi(m) is large, we say that Wi has simple texture. However, a large maximum

value of hi(m) can be split into two adjacent bins by quantization errors. To address

this we compute the sum of the histogram for two adjacent bins which include the

maximum of hi(m). The maximum bin index,mmax satisfying (2.10) is first computed.

mmax = argmax
m

hi(m) for m = 1, 2, ..Nm (2.10)



26

Fig. 2.5.: Our tattoo segmentation system with BBR

where Nm is the number of bin in hi(m). If (2.11) is satisfied, Wi is determined to

have simple texture.

max(hi(mmax) + hi(mmax + j)) > tst (2.11)
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where max() is a maximum operation, tst is the threshold to detect simple textures

and j = −1,+1. If we decide Wi has simple textures, the pixel i is removed from the

segmented pixels. The removal process is performed for all the segmented pixels.

It is difficult to determine tst because its value that discriminates the boundaries

of body and tattoo are different depending on the tattoo image. Large tst does

not remove body boundary properly, but small tst can remove the tattoo boundary.

Therefore, we iteratively change tst until the area of a detected tattoo region is greater

than a pre-defined threshold, Ttr. Note that the body boundaries not removed from

BBR result in false contours that will be removed in post processing. We can predict

if BBR works properly by checking the area of a detected tattoo region after post

processing. The tattoo segmentation process with BBR is shown in Figure 2.6.

(a) Original image (b) Possible segmentation re-

gions

(c) Graph-Cut segmentation

(d) BBR (e) Tattoo Detection (f) Final Localization

Fig. 2.6.: Graph cut segmentation with BBR
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2.4 Experimental Results

2.4.1 Tattoo Segmentation

To evaluate our segmentation method the tattoo images acquired from the Indiana

Gang Network (INGangNetwork) are used. Some of these images are shown in Fig-

ure 2.8 and Figure 2.9. Since we do not have ground truth for tattoo segmentations

we show that our proposed methods can segment tattoo regions well in several images

by showing several segmentation results. Also, we compared our methods with [5]

and [2]. In our experiments we used the TDSD dataset [87] which includes diverse

skin images to train the GMM for our skin color model. The mixture number of the

GMM, M =5 is used for our experiments. Since the purpose of the tattoo segmen-

tation is to extract tattoo regions from a tattoo image for an image retrieval system,

our method does not segment the tattoo inside the closed contour we found after post

processing. The tattoo segmentation results of our proposed methods, [5], and [2] are

shown in Figure 2.8 and Figure 2.9. As depicted in Figure 2.8 and Figure 2.9, our

proposed methods segmented most of tattoo images correctly while [5] made segmen-

tation errors in several tattoo images. Compared to [2] that segments tattoo regions

more correctly than [5], our methods (both without BBR and with BBR) still made

more correct segmentations. Even though images used in our experiments have di-

verse skin tones, our methods correctly segmented tattoo regions from the images.

When some images have skin-colored background with strong edges, our method can

still segment tattoo region correctly. However, some segmentation results showed the

errors depicted in Figure 2.7. When tattoo regions are very close to boundaries of the

body, our method (without BBR) found the skin pixels connected to both the tattoo

regions and the boundaries of the body together, so our post processing could not

extract a tattoo region only. Also, if there are hair regions with strong edges inside a

body, our method also detected the hair regions as tattoo regions. Our method with

BBR solves the problem in the case that tattoo regions are very close to boundaries

of the body by removing body boundaries first. However, the errors cased by hair
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regions still appear even when we use the method with BBR. This problem will be

addressed in future work.

Image [5] [2] Without BBR With BBR

Fig. 2.7.: Incorrect tattoo image segmentation

2.4.2 Tattoo Localization

The goal of this experiment is to find minimum box regions including tattoos in

an image instead of segmenting tattoo objects to evaluate our segmentation methods

quantitatively. The example of this is depicted in Figure 2.6(f). Two datasets are

used for this experiment. Dataset 1 consists of 6308 tatttoo images acquired from
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the NIST Tattoo Challenge (Tatt-C) dataset [13]. Dataset 2 consists of 1105 tattoo

images acquired from the eveiltattoo.com website [61]. To evaluate the performance

of our three automatic methods we first manually segment tattoo regions (minimum

box regions including tattoos). The manually segmented regions are considered as

ground truth. Then, we compute how much the tattoo regions (minimum box regions

including tattoos) detected from the proposed automatic methods and the manual

segments overlap. We examine the case where the detected tattoo region of the

automatic method is larger than that of the ground truth, so we also consider the

detected non-tattoo regions for our evaluations. Two evaluation metrics are used.

Recall =
nOF

nGDF

Accuracy =
nOF + nOB

nT

(2.12)

where nOF is the number of overlapped pixels of the tattoo between automatic de-

tected segments and ground truth, nOB is the number of overlapped pixels of non-

tattoo regions, nGDF is the number of pixels in the tattoo in a ground truth image,

and nT is the total number of pixels in a tattoo image. We compute recall and ac-

curacy for each image in a dataset and compute average of them for all the images

in a dataset. We compared out three methods: efficient graph-cut without BBR

(EGC), efficient graph-cut with BBR (EGCBBR), and center-surround feature based

tattoo localization (CSFL) [91,92]. Center-surround feature based tattoo localization

(CSFL) was introduced to localize a tattoo region [92]. This method combines a

center-surround filter with skin and edge features based on the observation that the

skin area surrounding the tattoo is homogeneously smooth and skin-colored.

As shown in Table 2.1, efficient graph-cut with BBR (EGCBBR) is the most

accurate among three methods. Then, efficient graph-cut without BBR (EGC) is

more accurate than center-surround feature based tattoo localization (CSFL). It is

because CSFL did not use visual saliency map and it cannot segment multiple tattoos

while both EGCBBR and EGC can do.
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Table 2.1.: Recall and Accuracy

Recall Accuracy

Tatt-C Evil Tatto Tatt-C Evil Tattoo

CSFL 25.18% 42.90% 66.20% 63.26%

EGC 36.16% 63.44% 69.75% 69.30%

EGCBBR 41.25% 66.97% 70.46% 69.91%
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2.5 Conclusions and Future Work

In this thesis we described a new tattoo segmentation approach (EGC) by deter-

mining skin pixels around a tattoo. Only regions near image edges are considered as

possible segmentation regions. In these regions graph-cut segmentation using a skin

color model and a visual saliency map was used to find skin pixels. After the graph-cut

segmentation we determine which set of skin pixels connected with each other form

a closed contour including a tattoo. To remove false contours caused by graph-cut

segmentation errors we additionally check the ratio of the area of minimum bounding

rectangular box including a closed contour to the area surrounding all pixels con-

nected with the closed contour. The regions surrounded by the final closed contours

are considered as tattoo regions. In the experimental results we showed our method

achieved more accurate than exiting methods. We also proposed Body Boundary

Removal method to be combined with our segmentation method (EGCBBR). By re-

moving body boundary region, we solve the problem of our segmentation method

when there are tattoo regions very close to the boundaries of the body. It improved

tattoo segmentation accuracies, but it still makes segmentation errors when there are

hair regions with strong edges inside a body. Both two methods can segment a tattoo

shape boundary as well as localize a tattoo region in an image. For tattoo region

localization accuracy, EGCBBR and EGC achieved higher accuracies than CSFL.
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Image [5] [2] Without BBR With BBR

Fig. 2.8.: Tattoo image segmentation results
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Image [5] [2] Without BBR With BBR

Fig. 2.9.: Tattoo image segmentation results
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Image [5] [2] Without BBR With BBR

Fig. 2.10.: Tattoo image segmentation results
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3. TATTOO IMAGE RETRIEVAL

BASED ON IMAGE MATCHING

3.1 Review of Existing Methods

There are two important steps in image retrieval based on image matching. One is

to match two images via image descriptors robust to several variations such as image

deformations, illumination changes, and complex backgrounds. The other one is to

define a robust image similarity between two images using the results of the image

matching.

There are three steps in image matching. First, image feature points should be

extracted first. Interesting points (sparse features) are chosen as image feature points

in [93–96] while densely sampled pixels (dense features) are chosen in [62, 97–99].

Depending on the applications, the type of the feature is determined between the spare

feature and the dense feature. The feature descriptors [21, 100–103] for the feature

points are then generated using the low level features such as colors, textures, and

shapes. The important thing to be considered for constructing these descriptors is the

robustness of the descriptors to several image variations such as a pixel illumination

change and image deformations. Once the feature descriptors of two images are

generated, the feature correspondences between two images are found using an image

feature matching.

Once image matching is done, an image similarity between two images is computed

using the image matching results, . The image similarity is generally defined based

on the distance metric between the image feature descriptors. To compute more ro-

bust image similarity, the geometric constraints of the feature points are additionally

considered [3,4,6,104,105]. The image similarity based on the image matching is re-

peatedly computed on all the pairs of an input image and all the images in a database.
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Based on the image similarity scores, the top N matched images are retrieved from a

database. The whole process is depicted in Figure 3.1.

Fig. 3.1.: General image retrieval system based on image matching

Different from the image retrieval based on the image matching using hand crafted

features, a deep neural network architecture is also utilized in an image retrieval

[34,39,40]. One of the most famous networks for an image retrieval is Siamese network

[39]. This network is composed of two independent CNNs. Each CNN accepts an

image as an input. Note that all the images should have the same size. The output of

each CNN is then compared with each other using a distance metric. By minimizing

the difference of the outputs of two CNNs based on the distance metric, the Siamese

network is learnt. The whole process is depicted in Figure 3.2.

These image matching and retrieval techniques have also been investigated in the

content-based tattoo image retrieval. There exist many methods focused on tattoo

image retrieval. In [9] low level features such as color, texture and shape are used for

a content-based tattoo image retrieval system. The tattoo regions in an image are

first segmented using a morphological operator and color, texture and shape features

are extracted from the segmented tattoo regions. A color histogram and a color

correlogram [106] are used as color descriptors, and a set of moments invariants is used

for a shape descriptor. For a texture descriptor, edge direction coherence vector [107]

is used . These descriptors are compared together against the same descriptors of
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Fig. 3.2.: The Siamese neural network architecture

tattoo images in a database to find the best match. Instead of using a morphological

operator, which is not robust to weak edges, active contour based segmentation [18]

is used to extract a tattoo from an image in [8]. Using this segmentation approach

with global-local (glocal) features the retrieval accuracy was improved. For a global-

local feature, a local image edge, the relative positions between the local edge and

all the image edges, and color statistics are combined together. In [7] a new rank-

based distance metric learning method is described for a tattoo image retrieval system

based on low level attributes. With the same feature descriptors in [9], new distance

metric between the descriptors of two tattoo images is learnt to improve the retrieval

accuracy. In [28] the same authors insists that a tattoo image retrieval system should

be based on the concept of “visually similarity,” which can narrow the “semantic

gap” [35]. This means there is little connection between pixel statistics and human
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interpretation of an image. SIFT (Scale-invariant feature transform) [21] is chosen

to find a “visually similar” image, hence improving the image retrieval accuracy with

respect to just using low level attributes.

SIFT is also combined with a Bag-Of-Words (BOW) [36] model in [37], [38], and

[3]. In [37] the computational complexity of SIFT feature clustering is examined when

the features are quantized in the BOW model in large scale image retrieval. Instead of

using clustering, a random seed method is proposed to make the quantization process

faster and more accurate. In [38] the quantization error caused by feature clustering

in the BOW model is further studied using multiple BOW models. The weighted

averages of multiple clusters is used to avoid this quantization errors. The Ranking

SVM [108] is adopted to learn the weights. The quantization error problem in the

BOW model is also addressed in [3]. Hamming embedding and geometry consistency

[109] are additionally used to solve the quantization error problem. Using hamming

embedding, an image feature vector is converted to a binary image vector. The

histogram of the orientation differences of the matched features in two images is

used to check geometry consistency. Instead of SIFT, SURF(Speeded Up Robust

Features) [100] is used for tattoo image matching in [110]. They compared SURF

and MU-SURF (Modified Upright SURF) [111] on tattoo image datasets with several

conditions (rotation transformation, RGB noise insertion, cropped images), and they

showed that MU-SURF was more accurate than SURF. The main difference between

MU-SURF and SURF is that MU-SURF uses the larger size of descriptor window

and the subregions for computing Haar wavelet responses. In [112] Examplar Codes

[113] are used with linear SVM classifiers [114] for tattoo image classification. Each

exemplar classifier is trained for each class of an object first. The EVT (extreme

value theory) normalization [115] for one exemplar becomes one feature vector for

the final SVM classifier. They show that their method can classify a tattoo object

faster than the method of [113] with similar accuracy.

In [4,6,29–32] various matching based tattoo image retrieval systems are described.

Matching a tattoo sketch used in the identification of a suspect with a real tattoo
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image is discussed in [29, 31]. In the both methods, edge features are mainly chosen

to match the two different types of images. In [29] SIFT descriptors are extracted

from both a tattoo sketch and an edge image, and Sparse Representation-based Clas-

sification (SRC) [58, 116] is effectively utilized to match these descriptors. Instead

of SIFT, Shape Context (SC) based shape descriptor [117] is used with edges in [31].

The feature correspondences via shape matching based on SC are additionally refined

using the point alignment technique called Coherent Point Drift (CPD) [118].

Geometric constraints of SIFT are used to improve image matching accuracy in [6].

The SIFT feature matching is done first to find the all the feature correspondence

between an input image and all the images in a database. Based on an observation

that the feature point in an input image matched to many other feature points in

all the database images is likely to cause false matching, the feature correspondences

obtained by the SIFT feature matching are refined. The number of the refined feature

correspondences is used as an image similarity between two images. In [4] a robust

similarity metric is described for SIFT based image matching. The robust similarity

metric based on relationship between the matched SIFT feature points of tattoo

images improves image retrieval accuracy. To generate the robust similarity there are

two main observations. First one is the same observation about false matching in [6].

The other one is that the multiple feature points in an input image matched to the

one feature point in the database image are likely to cause false matching as well. By

assigning weak weights to the features that can cause false matching, the robust image

similarity metric is defined. The additional use of metadata from tattoo images (i.e.,

text identifying the tattoo) is also used to improve accuracy and reduce computational

complexity. In [32] the advanced feature extraction method is addressed. Using higher

order scale space, the image matching more robust to scale deformation is achieved.

In [30] they show that the image registration between two tattoo images can improve

the image recognition accuracy. To find feature correspondences SIFT descriptors

are used with the RANSAC [119] first. Once the feature correspondences are found,

images are registered. The registration evaluation process is then used to check if
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there are registration errors. If the registration errors are detected, a registration

error correction is additionally used and the final image matching is executed.

There have been lots of deep neural network learning methods to recognize a

tattoo object [15, 17, 33, 34]. In [33], CNN (convolutional neural networks) [26] is

customized to determine if an image includes a tattoo. This network consists of

five convolutional layers and three fully connected layers. Since this network needs

to classify a tattoo image or a non-tattoo image, the last fully connected layer has

only two neurons: one for tattoo and the other for non-tattoo. The experiment

shows that the CNN based tattoo classification outperforms all the methods reported

in NIST tattoo challenge [11]. The correlation neural network is used to classify

the tattoo object after the tattoo localization in [15]. This network consists of four

layers: the first layer is an input layer, the second layer is a fully connected layer,

the third layer is a fully connected layer but it has less number of neurons than the

second layer, and the last layer is an output layer whose a neuron represents a class

of similar tattoos. In [34], they use Siamese network [39] for matching two tattoo

images and convolutional neural network (CNN) for classifying a tattoo image. This

Siamese network consists of two CNNs. Each of an input image and a reference

image is presented into each CNN. The output of each CNN is then compared with

each other using the triplet loss function [41]. By minimizing the loss function, the

Siamese network is learnt. The experiment shows that the Siamese network based

image matching method outperforms all the methods reported in [11] for the tattoo

similarity dataset [13]. The faster R-CNN [24, 27] is used to localize tattoo regions

and classify the tattoos at the same time in [17]. The region proposal [42–45] that can

include tattoo objects is extracted first. The extracted region proposal is presented

into CNN as an input image. The object class vector is generated as the output of

the R-CNN, and the class with the maximum element of the vector is chosen as the

class of the object in the region proposal.



42

3.2 Tattoo Image Retrieval System Based On Multiple Histograms Based

Local Context (MHLC) Descriptor

In this section, our tattoo image image retrieval system is described. Our con-

tribution is the creation of new local and global shape descriptor robust to scale,

translation, rotation, and shape distortions. By using the scale invariant feature

transform (SIFT) with local shape context based on multiple different sized-bin polar

histograms (MH), more accurate image matching can be obtained. A global shape

descriptor based on MH and a 2D Fourier Transform is also used for robustness of

translation, scale, rotation and shape distortions. We also describe robust similar-

ity for local descriptors and a weighted matching method based on local and global

descriptors.

3.2.1 System Overview

Figure 3.3 shows the block diagram of our proposed tattoo image retrieval system.

The system is divided into two parts. In the archiving process we first extract SIFT

features from each image in our database. From these features we generate a set of

multiple different sized-bin histograms based local context (MHLC) descriptors and a

global shape descriptor. For MHLC descriptor local shape contexts based on multiple

different sized-bin polar histograms are combined with SIFT descriptors. The global

shape descriptor is based on the locations of all the SIFT features in the image. The

two types of descriptors are stored in the database. Therefore our database consists

of images and descriptors. Given an input image that we would like to compare to

our database for similar images we first extract SIFT features from the image and

then we generate a set of MHLC descriptors and a global shape descriptor. We then

compare these features from the image against the images in our database using two

different matching methods for the two types of descriptors. Each of the two matching

methods returns one score which we combine into one weighted score to retrieve the

top N matched images.
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Fig. 3.3.: Tattoo image retrieval system based on MHLC descriptor

3.2.2 Multiple Different Sized-Bin Histograms based Local Context (MHLC)

Descriptor

SIFT has been widely used in object recognition because SIFT features are invari-

ant to scale and rotation and are robust to affine deformation, illumination change,

and change in 3D viewpoint [21,63,97]. Since SIFT has proved to be effective in other

tattoo image retrieval applications [3,4,29], we also used SIFT in our system. Image

matching using robust similarity measure for SIFT descriptors in [4] achieved high

matching accuracy between near duplicate tattoo images taken from the same sub-

ject in different environments. However, it becomes problematic in image matching

between images taken from different subjects who have similar tattoo object shapes

because a SIFT descriptor itself lacks of spatial information. In [120] an image match-

ing method combining SIFT descriptors and global contexts was presented. They

described a global shape context combined with a SIFT descriptor for a feature point

based on spatial locations of all SIFT feature points relative to the feature point.

Since, however, most tattoo images have partial shape distortion, the global shape

context based on the spatial locations of all feature points relative to a feature point

cannot describe the tattoo object shapes properly. Also, they used curvature values

on the SIFT feature point locations to generate the global shape context, which are

not consistent on the tattoo images that have similar tattoo object shapes but come
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from different subjects. To address this problem, we use a local shape context (LC)

that considers the spatial locations of neighbor features only. Additionally, we pro-

pose a local shape context based on multiple different sized-bin histograms (MHLC)

for a SIFT feature. If the size of bin is very small, the shape context can represent a

shape of an object in detail, but it cannot represent distorted shapes properly. If the

size of bin is very large, the shape context can represent the distorted shape properly,

but it cannot represent the detailed shapes of objects well. To solve this problem

we compute multiple polar histograms whose bins’ sizes are changed from small to

large and combine them together to generate a local shape context. After generating

the local shape context, we generate our proposed MHLC descriptor by combining a

SIFT descriptor and MHLC. To describe the proposed local shape context, we need

to define neighbors of a feature point first. To define the neighbors invariant to image

scale we first normalize all SIFT feature point locations relative to the centroid fc of

all the feature points. The fc is computed as:

fc =
1

Nf

Nf
∑

i=1

fi for i=1,2,..Nf (3.1)

where fi is the spatial location of the ith SIFT feature point and Nf is the total

number of SIFT feature points in the image. Then we compute the distances and the

angles between all fi and fc:

ric = ||fi − fc||2, θic = arctan
fiy − fcy
fix − fcx

(3.2)

The normalized ith feature point relative to the centroid, fnorm ic is computed as:

fnorm ic =
1

rmnc

(ficx, ficy) =
1

rmnc

(riccosθic, ricsinθic) (3.3)

where rmn c is the average of ric over all i. All the j
th feature points to satisfying (3.4)

are then considered to be neighbors of ith feature point.

||fnorm jc − fnorm ic||2 ≤ rth for j = 1, 2, ..Nf , j 6= i (3.4)
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where rth=2.0 is a distance threshold to define neighbors of a feature point. We call Bi

the neighbors of the ith feature point and NBi
the number of the neighbors. Once the

neighbors of each feature point are determined, the distances and the angles between

all fj and fi for j ∈ Bi are computed as:

rji = ||fj − fi||2, θji = arctan
fjy − fiy
fjx − fix

for j ∈ Bi (3.5)

Then, we compute a 2D histogram, hi
mr,nθ

that represents the 2D spatial distribution

of neighbors of the ith feature point:

hi
mr,nθ

(m,n) =
∑

j∈Bi

#(rl ≤
rji
rmn i

< ru, θl ≤ θji − θ
′

i < θu)

rl =
rmax

mr

(m− 1), ru =
rmax

mr

m for m = 1, ..,mr

θl =
2π

nθ

(n− 1), θu =
2π

nθ

n for n = 1, .., nθ

(3.6)

where hi
mr,nθ

(m,n) is the 2D polar histogram centered on fi, mr is a parameter of the

histogram for the number of bins for the radius, nθ is a parameter of the histogram

for the number of bins for the angles, rmax=2 is a constant for maximum limit of a

distance, θ
′

i is the dominant local orientation obtained from the ith SIFT feature, rmn i

is the average of rji over all j ∈ Bi, and #() is a counting operator. Since we normalize

rji by rmn i and align all θji by θ
′

i, the local shape context based on hi
mr ,nθ

is invariant

to translation, scale and rotation. We combine then multiple 2D polar histograms

whose bins’ sizes are changed from small to large for our local shape context to be

robust to shape distortions as well as to represent detailed shape information.

lsci =
1

NBi


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


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
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








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)

vec(hi
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)
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)






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

(3.7)
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where vec() is the vectorization operator, lsci1, lsc
i
2, and lsci3 are vectorized histogram

whose angle parameters are 0.5nθ, nθ, and 2nθ respectively. Next, the ithlocal shape

context, lsci is normalized to be combined with a SIFT descriptor.

nlsci =
lsci

||lsci||2
(3.8)

where nlsci is the normalized local shape context. Finally, our MHLC descriptor for

ith feature point,MHLCDi is created by :

MHLCDi =





w1Sd
i

w2nlsc
i



 (3.9)

where Sdi is the normalized ith SIFT descriptor and w1=0.5 and w2=0.5 are the

weights corresponding to Sdi and nlsci. Since a SIFT descriptor and hi
mr,nθ

are

invariant to translation, scale, and rotation, our MHLCDi is also invariant to them.

For the MHLC descriptor, mr=3 and nθ=12 are used in this thesis.

3.2.3 Global Shape Descriptor

Even though the local spatial distribution of feature points is more robust to rep-

resent partially distorted shapes, a global spatial distribution is also a good resource

to represent a tattoo object shape. For this reason, a global shape descriptor using the

multiple 2D histograms based shape context similar to MHLC, is proposed. Different

from MHLC descriptors, one global shape descriptor is generated for one image. Let

hc
mr,nθ

be a histogram which represents the spatial distribution of all feature points

relative to their global centroid. Then, the neighbors of the centroid, Bc are defined

as all SIFT feature points. However, the dominant local orientation (θ
′

c) for rotation

invariance, is not defined for the centroid. Therefore, we propose a method to make

our global shape descriptor robust to rotation. First, θ
′

c is estimated based on the

counts of SIFT feature locations around a set of fan-shaped windows. Figure 3.4(a)

and 3.4(d) illustrate these windows in blue overlaid on all feature points. The win-

dows are separated by θbin = 2π/nθ, which is the size of each bin in angular direction.
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While rotating the set of windows from 0 to θbin together we count the number of

feature points inside the windows. The orientation at which the count is maximum

is considered as the reference-axis, θ
′

c. That is,

θ
′

c = argmax
j

W (θjc) for θjc ∈ [0, θbin) (3.10)

where W (θjc) is number of feature points inside a set of windows rotated by θjc.

Note that because of the angular bins being θbin from each other any rotation by

θbinn+ (π/180, 2π/180, ...), n = 0, 1, ... will produce the same bin count distribution,

but with a circular displacement. Figure 3.4 illustrates this property. Therefore, we

can use the magnitude of the 2D Fourier Transform of the histogram to make the

descriptor rotation invariant. Our global shape descriptor GSD(u, v) is then defined

as

GSDmr,nθ
(u, v) = |DFT{

hc
mr,nθ

(m,n)

Nf

}|

m,u = 1, 2..,mr n, v = 1, 2, .., nθ,

(3.11)

where DFT () is the 2D DFT operator. Similar to MHLC, our global shape descrip-

tor is generated by combining multiple different sized-bin histograms together to be

robust to partial shape distortions.

V GSDfinal =











V GSD1
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V GSD3











=











vec(GSDmr,0.5nθ
)

vec(GSDmr,nθ
)

vec(GSDmr,2nθ
)











(3.12)

where GSD1, GSD2, and GSD3 are shape descriptors whose angle parameters are

0.5nθ, nθ, and 2nθ respectively. For our global shape descriptor, mr=7 and nθ=12

are used in this thesis. Then, V GSDfinal is a 147-dimensional vector.

3.2.4 Image Matching

In our tattoo image retrieval system we use two different image matching methods:

one for the MHLC descriptors and one for the global shape descriptor. For MHLC
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(a) (b) (c)

(d) (e) (f)

Fig. 3.4.: Example of computing θ
′

c and the polar histogram: In (a) the orientation

with maximum feature location count is θ
′

c = π/18. In (d) features are rotated

8π/18 with respect to (a), yielding θ
′

c = 2π/18. (b) and (e) show the aligned feature

locations. The histograms computed in (c) and (f) have the same count distribution,

but with a circular displacement

descriptor matching we use a robust similarity metric, SW , which assigns low weight

to indistinct features.

SW (Iq, Ik) =

Nf
∑

i=1

xi(
1

mi(Ik)
log

NG

ni
) (3.13)

where Iq is an input image, Ik is the kth database image, mi(Ik) is the number of

feature points including the ith feature point in Iq that are matched to the same

feature point in Ik, n
i is the number of database images that have feature points

matched to ith feature point in Iq, and NG is the total number of database images. xi

is 1 if the ratio of the closest match to the second closest match between MHLCDi in

Iq and all MHLCDj in Ik is less is than pre-defined threshold, tp = 0.69. Otherwise,
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xi is 0. The robust similarity is also used with SIFT descriptors in [4], but we use

it for our MHLC descriptors here. For global shape descriptor matching we define a

similarity metric SG as

SG(Iq, Ik) = −
1

2

147
∑

i=1

(V GSDq
final(i)− V GSDk

final(i))
2

V GSDq
final(i) + V GSDk

final(i)

k = 1, 2, ..NG,

(3.14)

where V SDq
final is the final global shape descriptor for Iq and V SDk

final is the final

global shape descriptor for Ik. For retrieval, we choose the most similar tattoo images

in the database to maximize total similarity, ST , defined as:

ST (Iq, Ik) = SW (Iq, Ik) + λSG(Iq, Ik) (3.15)

where λ is a weight to compensate the fact that SW (Iq, Ik) is based on feature count

and SG(Iq, Ik) is based on a distance metric. In our experiments λ=36 produced the

best results.

3.2.5 Experimental Results

In this experiment three different datasets are used to evaluate our tattoo image

retrieval system. Dataset 1 consisted of 392 tattoo images acquired from the Indiana

State Police: 101 input images, 123 database images, and 168 background images.

Note that background image is an image that is added to the database images as

“distractor” to confuse the retrieve process Dataset 2 consisted of 1493 tattoo im-

ages acquired from eviltattoo.com [61]: 481 input images, 622 database images, and

390 background images. Dataset 3 consisted of 2212 tattoo images acquired from

eviltattoo.com [61]: 851 input images and 1361 database images. Note that all the

images in dataset 1,2, and 3 are manually cropped to contain tattoo areas only. The

description of our datasets is summarized in Table 3.1. To evaluate the performance

of our proposed method we used the Cumulative Match Characteristic (CMC) [121]

to obtain the top-N (N=20) rank retrievals from our database.
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Table 3.1.: The description for our datasets

Number of Number of Number of Number of

Input Database Background Different Cropped

Image Image Image Tattoo Object

Dataset 1 101 123 168 51 Yes

Dataset 2 481 622 390 21 Yes

Dataset 3 851 1361 0 851 Yes
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Indiana State Police Dataset (Dataset 1)

All the tattoo images in this dataset are manually cropped to contain tattoo areas

only. Most images in this dataset are images which have the same tattoo objects,

but come from different subjects. Therefore, there are lots of shape distortions in the

same tattoo object images. For this dataset, the image retrieval system illustrated in

Section 3.2 is used because a global shape descriptor can be used for cropped images.

Figure 3.5 shows some sample images in this dataset.

Fig. 3.5.: Sample tattoo images in this dataset

Table 3.2.: CMC in dataset 1 (unit : %)

Method rank-1 rank-10 rank-20

Proposed(GRMHLC) 70.3 79.21 84.16

Proposed(RMHLC) 67.33 77.23 84.16

Proposed(MHLC) 58.42 74.26 84.11

Proposed(HLC) 56.44 73.27 81.19

RIS [4] 55.45 77.23 83.17

SIFT+SC [117] 59.41 77.23 83.17

SIFT+GC [120] 39.6 65.35 75.25

SIFT [21] 46.53 53.47 66.34
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Fig. 3.6.: Retrieval performance comparison of our proposed methods, [4], SIFT+

[117], [120], and [21] using CMC in Dataset 1

We compared our method against RIS [4], SIFT+SC [117], SIFT+GC [120], and

SIFT [21] in terms of the CMC by implementing their system and testing them on

dataset 1. In RIS robust image similarity based on SIFT descriptor is used. SIFT+SC

is the combination of SIFT and the shape context proposed in [117]. SIFT+GC is

the combination of SIFT and the global context proposed in [120]. Proposed(HLC)

is the combination of SIFT and a local shape context based on one fixed bin-sized

histogram, Proposed(MHLC) is our method using MHLC descriptor without robust

similarity and global shape descriptor, Proposed(RMHLC) is the Proposed(MHLC)
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combined with robust similarity, and Proposed(GRMHLC) is the Proposed(RMHLC)

combined with our global shape descriptor.

Figure 3.6 and Table 3.2 show the experimental results. The experimental results

demonstrate that the Proposed(MHLC) is more accurate than the Proposed(HLC).

They also shows that our MHLC with robust similarity can improve tattoo image

retrieval accuracy a lot. Even though our global shape descriptor did not improve the

accuracy a lot compared to the improvement of RMHLC, it also shows that a global

spatial distribution of features is a useful resource, especially to improve top rank-1

accuracy. As shown in Table 3.2 our Proposed(GRMHLC) achieves 70.3% top rank-1

accuracy and 79.21% top rank-10 accuracy in dataset 1. It outperforms RIS [4] by

13.3% in top rank-1 in dataset 1.

Eviltattoo Dataset (Dataset 2)

All the tattoo images in the dataset 2 are also manually cropped to contain tattoo

areas only. Compared to dataset 1, there are more tattoo images in the dataset 2.

Also, it has more tattoo images that have the same tattoo objects but come from

different subjects than dataset 1. Therefore, there are more shape variations in the

same tattoo object images in the dataset 2. Since all the tattoo images in dataset 2

are also manually cropped, the system illustrated in Section 3.2 is also used here.

For the dataset 2, we also compared our method againstRIS [4], SIFT+SC [117],

SIFT+GC [120], and SIFT [21] in terms of the CMC. Figure 3.7 and Table 3.3 show

the experimental results for the dataset 2. The improvement of the retrieval accuracy

using MHLC descriptor is more obvious in the dataset 2 than in the dataset 1. (4.15%

more than HLC for rank 1 in dataset 2 and 1.98% more than HLC for rank 1 in dataset

1). That demonstrates that our MHLC descriptors are more powerful on the images

that have shape distortions or variations of the same tattoo objects.

This experimental results also show that the retrieval accuracy is improved a lot

when our MHLC descriptor is used with robust similarity metric. With additional
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Fig. 3.7.: Retrieval performance comparison of our proposed methods, [4], SIFT+

[117], [120], and [21] using CMC in Dataset 2

use of our global shape descriptor, our method achieves 59.84% top rank-1 accuracy

and 88.36% top rank-10 accuracy in dataset 2. It outperforms RIS [4] 14.85% in top

rank-1 in dataset 2.

NIST Tattoo Similarity Dataset (Dataset 3)

In this experiment, tattoo similarity dataset (dataset 3) is also used to evaluate our

tattoo image retrieval system. This dataset is obtained from NIST tattoo challenge

dataset [13]. The NIST tattoo similarity dataset consists of 2212 tattoo images: 851

input images, 1361 database images. The description of our datasets is summarized in
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Table 3.3.: CMC in dataset 2 (unit : %)

Method rank-1 rank-10 rank-20

Proposed(GRMHLC) 59.04 88.36 92.31

Proposed(RMHLC) 58.21 88.57 92.52

Proposed(MHLC) 44.07 78.79 89.19

Proposed(HLC) 39.92 71.52 86.9

RIS [4] 45.74 80.04 89.6

SIFT+SC [117] 39.09 79.00 88.57

SIFT+GC [120] 30.15 57.38 75.05

SIFT [21] 31.19 53.85 64.03

Table 3.1. To evaluate the performance of our proposed method the same evaluation

protocol provided in [11, 34] is used. The tattoo similarity dataset is split into

5 sub-datasets for 5-fold cross validation. The CMC score is then computed for

each sub-dataset and the average CMC score is obtained. We compared our method

against the methods described in [11,34] in terms of the average CMC. Different from

our previous experiments, we compared our method with deep learning based image

retrieval [34] as well.

As shown in Table 3.4, our experimental results show that our RMHLC is more

accurate than the deep learning based image retrieval method in [34] as well as all

the methods reported in [11]. Even though RMHLC is slightly less accurate than

Deep Tattoo 2 in top rank-1 by 0.4%, it is much more accurate than Deep Tattoo 2

in top rank-10 and top rank-20 by 5.7% and 4.9% respectively.
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Table 3.4.: CMC in dataset 3 (unit : %)

CMC

Method rank-1 rank-10 rank-20

Compass [11] 0.5 7.4 14.7

MITRE [11] 3.5 14.9 23.9

Deep Tattoo 1 [34] 1.7 11.1 15.5

Deep Tattoo 2 [34] 5.5 16.4 24.9

RMHLC 5.1 22.1 29.8
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3.3 Tattoo Image Retrieval System Based On Dense Multiple Histograms

Based Local Context (DMHLC) Descriptor

In this section, we introduce our modified tattoo image retrieval system. This

system is almost the same as the system described in Section 3.2. Different from our

previous system that uses the MHLC image descriptor, dense multiple histograms

based local context (DMHLC) descriptor is used in this system. The MHLC de-

scriptor represents the shape of a tattoo object using the spatial distribution of the

SIFT features. However, it sometimes fails to represent the shape of a tattoo object

correctly when the SIFT feature points are not densely distributed on the tattoo

object. To solve this problem, a DMHLC descriptor uses the spatial distribution of

the densely sampled features on the tattoo object instead. Except using the multiple

histograms based local context on densely sampled features, the descriptor generation

is the same as the the generation of the MHLC descriptor.

3.3.1 System Overview

Figure 3.8 shows the block diagram of tattoo image retrieval system based on

the DMHLC descriptor. The system is divided into two parts. In the archiving

process we first extract SIFT features from each image in our database. Also densely

sampled features on a tattoo object are extracted. From these features we generate

a set of dense multiple different sized-bin histograms based local context (DMHLC)

descriptors. For the DMHLC descriptor a local shape context based on multiple polar

histograms on the dense sampled features is generated and it is combined with a SIFT

descriptor. Note that one DMHLC is generated for one SIFT feature point, so the

number of the DMHLC descriptors is the same as the number of the SIFT feature

points. Our database consists of images and descriptors. Given an input image

that we would like to compare to our database for similar images we extract SIFT

features and densely sampled features from the image. We generate a set of DMHLC

descriptors. We then compare the DMHLC descriptors from the image against the
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Fig. 3.8.: Tattoo image retrieval system based on DMHLC descriptors

DMHLC descriptors in our database using image matching method. It returns image

similarity scores between an input image and a database image to retrieve the top N

matched images.

3.3.2 Dense Multiple Different Sized-Bin Histograms based Local Con-

text (DMHLC) Descriptor

The MHLC descriptor consists of two different image descriptors: the SIFT de-

scriptor and the multiple polar histograms based image descriptor. The multiple

polar histograms represent the tattoo shape while SIFT descriptor describes the tat-

too appearance. These polar histograms are computed on the spatial locations of the

SIFT feature points. In the polar histogram based shape descriptor, the uniformly

and densely distributed the features on the tattoo are very important. However, the

SIFT feature points are not uniformly distributed on the tattoo. Especially, when

an image has a low resolution, the image has very small number of the SIFT feature

points. In this case the tattoo shape cannot be represent accurately using the MHLC

descriptor. To solve this problem, we extract the uniformly sampled features on the

tattoo as well as the SIFT feature points. Since the uniformly sampled features should

be on the tattoo region only, we filter out some of them that have small gradient mag-
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nitudes. The spatial distribution of the filtered out features is computed using the 2D

polar local histogram centered on each SIFT feature point. Like MHLC, the multiple

histograms that have the different sized bins are generated, and it is combined with

the SIFT descriptor to generate final our DMHLC. This process is well depicted in

Figure 3.9.

(a) Dense Feature Extraction (b) Refined Dense Feature

(c) SIFT Feature Extraction (d) DMHLC Generation

Fig. 3.9.: Example of the DMHLC descriptor generation

To extract the dense features, pixels are subsampled from an image at every 4

pixel along horizontal and vertical axis. To keep the dense features on the tattoo

region only, we filter out the dense features that have smaller gradient magnitudes

than pre-defined threshold, thdf . Let the jth refined dense feature be dfj and the

number of the refined dense features be Ndf . Once the dense features are extracted,
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the rest steps of the DMHLC generation is similar to the MHLC generation. Like

MHLC, the fc is computed first as:

fc =
1

Nf

Nf
∑

i=1

fi for i=1,2,..Nf (3.16)

where fi is the spatial location of the ith SIFT feature point and Nf is the total

number of the SIFT feature points in the image. To find the neighbor dense features

of fi, we first compute the average of the distances between all fi and fc:

rmean =
1

Nf

Nf
∑

i=1

||fi − fc||2 (3.17)

Note that rmean is used to decide the range of tattoo region in the image. All the jth

feature points to satisfying the equation (3.18) are then considered to be the neighbor

dense features of ith feature point.

||dfj − fi||2 ≤ rthrmean for j = 1, 2, ..Ndf (3.18)

where rth=3 is a distance threshold to define the neighbor dense features of the SIFT

feature point. We call Bi the neighbors of the i
th feature point and NBi

the number of

the neighbors. Once the neighbors of each feature point are determined, the distances

and the angles between all dfj and fi for j ∈ Bi are computed as:

rji = ||dfj − fi||2, θji = arctan
dfjy − fiy
dfjx − fix

for j ∈ Bi (3.19)

where dfj = (dfjx, dfjy) and fi = (fix, dfiy). Then, we compute the polar 2D histogram,

hi
mr,nθ

that represents the 2D spatial distribution of neighbors of the ith feature point:

hi
mr,nθ

(m,n) =
∑

j∈Bi

#(rl ≤
rji
rmn i

< ru, θl ≤ θji − θ
′

i < θu)

rl =
rmax

mr

(m− 1), ru =
rmax

mr

m for m = 1, ..,mr

θl =
2π

nθ

(n− 1), θu =
2π

nθ

n for n = 1, .., nθ

(3.20)

where hi
mr,nθ

(m,n) is the 2D polar histogram centered on fi, mr is a parameter of the

histogram for the number of bins for the radius, nθ is a parameter of the histogram
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for the number of bins for the angles, rmax=2 is a constant for maximum limit of a

distance, θ
′

i is the dominant local orientation obtained from the ith SIFT feature, rmn i

is the average of rji over all j ∈ Bi, and #() is a counting operator. Since we normalize

rji by rmn i and align all θji by θ
′

i, the local shape context based on hi
mr ,nθ

is invariant

to translation, scale and rotation. We combine then multiple 2D polar histograms

whose bins’ sizes are changed from small to large for our local shape context to be

robust to shape distortions as well as to represent detailed shape information.
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(3.21)

where vec() is the vectorization operator, lsci1, lsc
i
2, and lsci3 are vectorized histogram

whose angle parameters are 0.5nθ, nθ, and 2nθ respectively. Next, the ithlocal shape

context, lsci is normalized to be combined with a SIFT descriptor.

nlsci =
lsci

||lsci||2
(3.22)

where nlsci is the normalized local shape context. Finally, the DMHLC descriptor

for ith feature point,MHLCDi is created by :

DMHLCDi =





w1Sd
i

w2nlsc
i



 (3.23)

where Sdi is the normalized ith SIFT descriptor and w1=1 and w2=128/126 are the

weights corresponding to Sdi and nlsci. Since a SIFT descriptor and hi
mr,nθ

are

invariant to translation, scale, and rotation, our DMHLCDi is also invariant to

them. For the DMHLC descriptor, the same parameters as MHLC, mr=3 and nθ=12

are used in this thesis.

3.3.3 Image Matching

Like MHLC descriptor, the same local feature descriptor based matching is used.

Based on the local descriptor matching, the same image similarity defined in Equation(3.13)
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is used. The image similarity is used to retrieve the most N similar images from the

image database.

3.3.4 Experimental Results

In this experiment the two same image datasets (dataset 1 and dataset 2) in section

3.2 are used. To evaluate the performance of the DMHLC based image retrieval

system we also used the Cumulative Match Characteristic (CMC) [121].

Indiana State Police Dataset (Dataset 1)

Fig. 3.10.: Retrieval performance comparison of our proposed methods, RIS [4],

SIFT+SC [117], SIFT+GC [120], and SIFT [21] using CMC in Dataset 1
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Table 3.5.: CMC in dataset 1 (unit : %)

Method rank-1 rank-10 rank-20

RDMHLC 71.29 84.16 89.11

GRMHLC 70.3 79.21 84.16

RMHLC 67.33 77.23 84.16

RIS [4] 55.45 77.23 83.17

SIFT+SC [117] 59.41 77.23 83.17

SIFT+GC [120] 39.6 65.35 75.25

SIFT [21] 46.53 53.47 66.34

We compared our method against RIS [4], SIFT+SC [117], SIFT+GC [120], and

SIFT [21] in terms of the CMC by implementing their system and testing them on

dataset 1. Figure 3.6 and Table 3.2 show the experimental results. In RIS robust

image similarity based on SIFT descriptor is used. SIFT+SC is the combination of

SIFT and the shape context proposed in [117]. SIFT+GC is the combination of SIFT

and the global context proposed in [120]. RDMHLC is the method that combines our

DMHLC descriptor and the robust image similarity (RIS). RMHLC is the method

that combines the MHLC descriptor and the robust image similarity (RIS). RMHLC

is the method that combines the MHLC descriptor, the robust image similarity (RIS),

and the global shape descriptor in Section 3.2. The experimental results demonstrate

that RDMHLC achieved higher accuracy than any other methods. Even though

RDMHLC does not use the global shape descriptor, it achieved better accuracy than

GRMHLC. As shown in Table 3.2 RDMHLC achieves 71.29% top rank-1 accuracy

and 84.16% top rank-10 accuracy in dataset 1. It outperforms RMHLC by 3.96% in

top rank-1 and 6.93% in top rank-10 in dataset 1.
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Fig. 3.11.: Retrieval performance comparison of our proposed methods, RIS [4],

SIFT+SC [117], SIFT+GC [120], and SIFT [21] using CMC in dataset 2

Eviltattoo Dataset (Dataset 2)

We compared our method against RIS [4], SIFT+SC [117], SIFT+GC [120], and

SIFT [21] in terms of the CMC by implementing their system and testing them on

dataset 2. Figure 3.11 and Table 3.6 show the experimental results. The experimental

results demonstrate that the RDMHLC achieved higher accuracy than any other

methods in dataset 2 as well. As shown in Table 3.6 RDMHLC achieves 64.66% top

rank-1 accuracy and 88.77% top rank-10 accuracy in dataset 2. It outperforms the

RMHLC by 6.45% in top rank-1 and 0.2% in top rank-10 in dataset 2. Compared to

dataset 1, RDMHLC improves the retrieval accuracy of RMHLC much more in top
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Table 3.6.: CMC in dataset 2 (unit : %)

Method rank-1 rank-10 rank-20

RDMHLC 64.66 88.77 92.93

GRMHLC 59.04 88.36 92.31

RMHLC 58.21 88.57 92.52

RIS [4] 45.74 80.04 89.6

SIFT+SC [117] 39.09 79.00 88.57

SIFT+GC [120] 30.15 57.38 75.05

SIFT [21] 31.19 53.85 64.03

rank-1 than top rank-10 in dataset 2. It means that DMHLC can describe the tattoo

more accurate than MHLC.

3.4 Tattoo Image Retrieval System Based On Inductive Matching

Many image retrieval methods based on image matching [6, 9, 31, 122–126] have

used the pairwise image similarity between an input image and a database image to

retrieve the most similar images to the input image. However, the pairwise image

similarity based image retrieval system often show wrong image retrieval results when

there are the variations of appearances and shapes between the same class images. In

this case, the image similarities between all the database images can be additionally

considered to improve the image retrieval accuracy. For example, assume that we

have three images, A,B, and C, and each of them includes the rabbit with different

appearance: C has partially similar appearance with each of A and B, but A looks very

different B. We put B and C in the image database that includes lots of images, and we

input A to retrieve the images B and C. A is compared with all the database images

using a certain pairwise similarity. According to the image similarities, A is similar to

C, B is similar to C, but A is not similar to B. In this case, the pairwise image similarity
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between two images is not enough to retrieve a correct images from database. To solve

this problem, the pairwise similarity between A and C and the pairwise similarity

between B and C can be additionally used to compute the similarity between A and

B. The similarity relations of the database images have been used in the information

retrieval as well as the image retrieval system [127–139]. Most of the retrieval systems

[127–137] are based on a diffusion process. The diffusion process computes the affinity

(or similarity) matrix of the images. Note that the (i, j)th element of the affinity

matrix is the pairwise image similarity between the ith image and jth image. Then, the

affinity matrix is iteratively updated using a random walk technique, and the updated

affinity matrix generates the new image similarity that incorporate the similarity

relations of the images. In [138, 139] an inductive matching technique was used. In

the inductive matching the similarity relations of the images are used simply. For

example, given an input image, the most similar M1 images are retrieved from a

database using the pairwise image similarities between the input image and all the

database images. Then, the pairwise image similarities between the M1 images and

all the database images are computed again, and these are added or multiplied to the

previous pairwise image similarities. In both the diffusion process and the inductive

matching, there is one important assumption: the most images that are distributed

closely in the image feature space should belong to the same class. Note that the

shorter distance between two image features is, the more similar the two images are.

The Figure 3.12 shows the example of it. As depicted in 3.12b, the diffusion process

can cluster the database images into the correct classes. However, if the images

that belong to the same class are not distributed closely, the diffusion process or

the inductive matching can cause worse results. Especially, when there are much

more images that are not related to an input images than the related images in the

databases, these methods make worse results. In this section, therefore, we introduce

the modified inductive matching that even works well in the case. Different from

the inductive matching in [139], the modified inductive matching retrieve the most

dissimilar M2 database images to an input image first. Then, when the similarity
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between the input image and one database image is computed, the mean of the image

similarities between the M2 database images and the database images is subtracted

from the pairwise similarity between the input image and the database image.

(a) The Image Distribution in Image Feature

Space

(b) The Result of Diffusion Process

Fig. 3.12.: Example of the diffusion process: In 3.12a the black dots are the database

images that belong to two different classes and blue and red dots are input images.

The diffusion process can cluster them into two class correctly

3.4.1 System Overview

Figure 3.13 shows the block diagram of tattoo image retrieval system based on the

inductive matching. The system is divided into two parts. In the archiving process,

we first generate an image descriptor from each image in our database. Note that any

image descriptor can be used here. Using these image descriptors we generate affinity

matrix that consists of all the pairwise image similarities of the database images. Our

database then consists of images, image descriptors, and the affinity matrix. Given

an input image that we would like to compare to our database for similar images, we

construct an image descriptor. We then compare the image descriptor from the input

image against the image descriptors in our database using the modified inductive
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Fig. 3.13.: Tattoo image retrieval system based on Modified Inductive Matching

matching method. It returns image similarity scores between an input image and a

database image to retrieve the top N similar images.

3.4.2 The Modified Inductive Matching

Inductive matching is the one of the methods that re-rank the retrieved images

[139]. In the inductive matching, the most similar M1 database images to an input

image are additionally used to define each image similarity between the input image

and each of database images. For this, the pairwise image similarity based an image

descriptor should be very accurate to cluster the same class images into one group.

Since, however, there are lots of variations can exist in the same class images, it is

not easy to decide that all of them are similar using the pairwise image similarity.

Especially, when there are lots of multi class images in the image database, some of the

same class images can be easily considered to be similar to different class images. For

the case, we modify the inductive matching The modified inductive matching retrieve

the most dissimilar M2 database images to the input image, Iq, first. Then, when

the similarity between the input image and the kth database image is computed, the

mean of the image similarities between the M2 database images and the kth database

image is subtracted from the pairwise similarity between the input image and the
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kth database image. In tattoo image retrieval with inductive matching, we use the

robust image similarity defined in Equation(3.13) based on DMHLC descriptors for

the pairwise image similarity between two images. Before inductive matching, the

robust image similarity should be first normalized as:

Snorm(Iq, Ik) =
1

Nf

Nf
∑

i=1

xi(
1

mi(Ik)
log

NG

ni
) (3.24)

where Iq is an input image, Ik is the k
th database image, Nf is the number of the SIFT

features extracted from Iq, Snorm is the normalized robust image similarity between

Iq and Ik, m
i(Ik) is the number of feature points including the ith feature point in

Iq that are matched to the same feature point in Ik, n
i is the number of database

images that have feature points matched to ith feature point in Iq, and NG is the total

number of database images. xi is 1 if the ratio of the closest match to the second

closest match between DMHLCDi in Iq and all DMHLCDj in Ik is less is than

pre-defined threshold.

Our new image similarity based on inductive matching between Iq and Ik is then

defined as:

Sidt(Iq, Ik) = Snorm(Iq, Ik)−
1

M2

M2
∑

j

Snorm(IDSj , Ik) (3.25)

where Sidt(Iq, Ik) is the inductive matching image similarity between Iq and Ik, S(Iq, Ik)

is the normalized pairwise similarity between Iq and Ik, and IDSj is the jth image in

the most dissimilar M2 retrieved images retrieved to Iq from the database. The new

similarity based on inductive matching is used to retrieve the most similar N images

from the image database.

3.4.3 Experimental Results

In this experiment the eviltattoo dataset (dataset 2) is used. To show that our

modified inductive matching can be used with any kinds of image descriptor, the

MHLC descriptor as well as the DMHLC descriptor is used as well. Also, to show

that any kinds of image similarity can be used with our inductive matching, the
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image similarity used in [21] as well as the normalized robust image similarity in

Equation 3.24. Therefore, the 4 different pairwise image similarities are computed

here, and our modified inductive method is combined with the each of them. The

inductive matching [139] and Label Propagation [134] are also combined with each of

the pairwise similarities to compare against the modified inductive matching. Note

that the Label Propagation is one of the method that uses diffusion process. To

evaluate the performance of the image retrieval based on the inducve matching we

also used the Cumulative Match Characteristic (CMC) [121].

DMHLC Descriptors With Robust Image Similarity

Table 3.7.: CMC using DMHLC with robust image similarity (unit : %)

Method rank-1 rank-10 rank-20

Modified Inductive Matching 67.78 89.81 93.14

Inductive Matching [139] 59.67 86.90 92.10

Label Propagation [134] 60.91 86.90 93.56

Pairwise 64.66 88.77 92.93

Figure 3.14 and Table 3.7 show the experimental results when the DHMLC de-

scriptors are used with the robust image similarity. The experimental results demon-

strate that the modified inductive matching achieved higher accuracy than any other

methods in the most top ranks. As shown in Table 3.7 the modified inductive match-

ing achieves 67.78% top rank-1 accuracy and 89.81% top rank-10 accuracy. It im-

proves the pairwise image similarity by 3.12% in top rank-1 and 1.04% in top rank-10.

However, the inductive matching achieves worse results in all the ranks than the pair-

wise image similarity, and the Label Propagation achieves worse results in from top

1 rank to top 13 rank. That is because the the same class database images in dataset

2 are not clustered well using the pairwise image similarity.
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Fig. 3.14.: CMC curve using DMHLC with robust image similarity

DMHLC Descriptors With Different Image Similarity

Table 3.8.: CMC using DMHLC With image similarity in [21] (unit : %)

Method rank-1 rank-10 rank-20

Modified Inductive Matching 55.09 86.49 92.31

Inductive Matching [139] 35.76 64.45 81.29

Label Propagation [134] 29.11 73.60 84.82

Pairwise 42.62 76.92 89.40

Figure 3.15 and Table 3.8 show the experimental results when the DHMLC de-

scriptors are used with the image similarity in [21]. The experimental results demon-

strate that the modified inductive matching achieved higher accuracy than any other

methods. As shown in Table 3.8 the modified inductive matching achieves 55.09% top
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Fig. 3.15.: CMC curve using DMHLC with image similarity in [21]

rank-1 accuracy and 86.49% top rank-10 accuracy. It improves the pairwise image

similarity by 12.47% in top rank-1 and 12.57% in top rank-10. However, both the

inductive matching and Label Propagation achieves worse results in all the ranks than

the pairwise image similarity. That is because the the same class database images in

dataset 2 are not clustered well using the pairwise image similarity.

MHLC Descriptors With Robust Image Similarity

Figure 3.16 and Table 3.9 show the experimental results when the HMLC descrip-

tors are used with the robust image similarity. The experimental results demonstrate

that the modified inductive matching achieved higher accuracy than any other meth-

ods. As shown in Table 3.9 the modified inductive matching achieves 61.12% top

rank-1 accuracy and 88.98% top rank-10 accuracy. It improves the pairwise image

similarity by 2.91% in top rank-1 and 0.41% in top rank-10. However, both the in-
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Table 3.9.: CMC using MHLC With robust image similarity (unit : %)

Method rank-1 rank-10 rank-20

Modified Inductive Matching 61.12 88.98 94.18

Inductive Matching [139] 53.43 86.07 90.85

Label Propagation [134] 51.14 85.86 91.89

Pairwise 58.21 88.57 92.52

Fig. 3.16.: CMC curve using MHLC with robust image similarity

ductive matching and Label Propagation achieves worse results in all the ranks than

the pairwise image similarity. That is because the the same class database images in

dataset 2 are not clustered well using the pairwise image similarity.
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Table 3.10.: CMC using MHLC with image similarity in [21] (unit : %)

Method rank-1 rank-10 rank-20

Modified Inductive Matching 51.77 84.62 93.35

Inductive Matching [139] 39.92 70.27 81.08

Label Propagation [134] 25.57 69.85 85.86

Pairwise 44.07 78.79 89.19

Fig. 3.17.: CMC curve using MHLC with image similarity in [21]

MHLC Descriptors With Different Image Similarity

Figure 3.17 and Table 3.10 show the experimental results when the HMLC descrip-

tors are used with the image similarity in [21]. The experimental results demonstrate

that the modified inductive matching achieved higher accuracy than any other meth-

ods. As shown in Table 3.10 the modified inductive matching achieves 51.77% top
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rank-1 accuracy and 88.98% top rank-10 accuracy. It improves the pairwise image

similarity by 7.7% in top rank-1 and 5.83% in top rank-10. However, both the in-

ductive matching and Label Propagation achieves worse results in all the ranks than

the pairwise image similarity. That is because the the same class database images in

dataset 2 are not clustered well using the pairwise image similarity.

3.5 Tattoo Image Retrieval For Tattoo Identification

NIST (National Institute of Standards and Technology) conducted the Tattoo

Recognition Technology - Challenge (Tatt-C) in early 2015 for developing tattoo im-

age recognition methods. The contest used a tattoo image dataset (tatt-c database)

provided by NIST and the FBI for doing its evaluations [13]. The tatt-c database

consists of five different datasets focused on five primary use cases: tattoo identifica-

tion, region of interest, mixed media, tattoo similarity, and tattoo detection [13]. The

goal of the tattoo identification challenge was to develop image matching methods

that allow one tattoo image to be matched to the tattoo image taken from the same

subject at different time.

In this section we describe our submission to the Tatt-C tattoo identification

challenge. The image retrieval system for this challenge is almost same as the system

described in Section 3.2. The differences are that the global shape descriptor and the

global shape matching are not used here because the tattoo identification dataset has

non-cropped images that include background. Also, the computation of normaliza-

tion factor used in Equation(3.3) is different. Last, SIFT descriptor is used as our

image descriptor instead of MHLC descriptor in image matching when the number of

extracted SIFT features is not enough. Note that our experimental results for TID

were reported by NIST in [11].
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3.5.1 System Overview

There are three differences between this system and the system in Section 3.2.

Since all the images in the TID dataset are not cropped, the global shape descriptor

and global shape matching described in Section 3.2 cannot be used here. Also, the

normalization factor, rmn c used in Equation(3.3) is computed based on SIFT feature

points filtered out from visual saliency map by estimating the scale of a tattoo object

using the SIFT feature points on a tattoo region. The MHLC descriptor is not

accurate when the number of the extracted SIFT feature points is not enough for

shape representation. In that case SIFT is used as our image descriptor instead

in image matching. Since the MHLC consists of SIFT and the combined multiple

histogram vectors, SIFT descriptor is obtained from the MHLC descriptor by choosing

first 128 elements of the MHLC descriptor. Except these modifications, others are

the same in the system in Section 3.2.

Before description of the system, we define three words here: probe image, gallery

image and background image. Probe image is an input image that is presented to

our image retrieval system for TID matching. Gallery images (or database images)

are images in our database, and the most similar N images to a probe image are

retrieved from the gallery images. Background image is an image that is added to

the gallery images as “distractor” to confuse the retrieve process. Since these words

are defined in the NIST tattoo recognition challenge, we used these words in Section

3.5 and Section 3.6 instead of an input image and a database image.

Figure 3.18 shows the block diagram of our tattoo image retrieval system for

tattoo identification (TID). For each gallery image in our database we obtain the

MHLC descriptors that are associated with the image. In the retrieval process when

a probe image is presented to this system, we compute the MHLC descriptors. We

then compare the MHLC descriptors from the probe image against the gallery images

in our database using the matching method based on the robust similarity. Note that

if the number of the extracted SIFT feature points in the probe image is smaller than
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a pre-defined threshold, SIFT descriptors are obtained from the MHLC descriptors

of all the gallery images and the probe image. Then, they are compared using the

matching method based on the robust similarity. The matching method returns a

score to retrieve the top N matched images.

Fig. 3.18.: Tattoo image retrieval system for tattoo identification

3.5.2 MHLC Descriptor

Since the computation of normalization factor, rmn c used in Equation(3.3) is

different from Section 3.2, we will describe this only here. The rmn c is computed here

as:

rmn c =
1

Ns

Ns
∑

i=1

||fis − fcs||2 (3.26)
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Table 3.11.: The description for our datasets

Number of Number of Number of Number of

Probe Gallery Background Different Cropped

Image Image Image Tattoo Object

Dataset 4 157 215 4332 157 No

where fis is the spatial location of the ith SIFT feature point within region Rs, fcs is

the average of fis, Rs is the salient region detected using GBVS saliency map, Ns is

the total number of SIFT feature points in the Rs

Other process to compute the MHLC descriptor is the same as in Section 3.2.

3.5.3 Image Matching

The same image matching based on Equation(3.13) is used. Only difference is that

SIFT is used as our image descriptor when the number of the extracted SIFT feature

points in the probe image is smaller than a pre-defined threshold. Since the MHLC

consists of SIFT and the combined multiple histogram vectors, SIFT descriptor is

obtained from the MHLC descriptor by choosing first 128 elements of the MHLC

descriptor.

3.5.4 Experimental Results

In this experiment, tattoo identification dataset (dataset 4) is used to evaluate our

tattoo image retrieval system. This dataset is obtained from NIST tattoo challenge

dataset [13]. The NIST tattoo identification dataset consists of 4704 tattoo images:

157 probe images, 215 gallery images and 4332 background images [13]. Note that

the background images are added to the gallery images in this dataset as “distrac-

tors”. The description of our datasets is summarized in Table 3.11. To evaluate the



79

Table 3.12.: CMC in dataset 4 (unit : %)

With Background Image Without Background Image

Method rank-1 rank-10 rank-20 rank-1 rank-10 rank-20

Proposed 96.15 98.71 98.71 99.38 99.38 100

[4] 95.52 96.81 97.48 96.81 100 100

performance of our proposed method we used the Cumulative Match Characteristic

(CMC) [121] to obtain the top-N (N=20) rank retrievals from our database.

NIST TID Dataset (Dataset 4)

For the dataset 4, the image retrieval system illustrated in Section 3.5 is used.

The TID dataset is split into 5 sub-datasets for 5-fold cross validation. The CMC

score is then computed for each sub-dataset and the average CMC score is obtained.

We compared our method against the method described in [4] in terms of the average

CMC.

We shall refer to method described in [4] as the MSU method here. Figure 3.19,

Figure 3.20, and Table 3.12 show the experimental results. Note that the dataset used

for Figure 3.19 includes background (or distractor) images, but the dataset used for

Figure 3.20 does not include the background (or distractor) images. Our experimental

results show that our method is more accurate than MSU in all ranks for dataset 4

with background images. Our method achieves 96.15% top rank-1 accuracy and

98.71% top rank-10 accuracy in dataset 4 with background and 99.38% top rank-

1 accuracy and 99.38% top rank-10 accuracy in dataset 4 without background. It

outperforms MSU by 0.6% top rank-1 with background images and 2.5% top rank-1

without background images. As shown in 3.13 our method (Purdue phase 2) also

outperforms 5 different methods reported in the NIST challenge [11].
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Table 3.13.: CMC and MAP in TID dataset with background images as reported

in [11]

Method Submission
CMC

MAP
Rank 1 Rank 10 Rank 100 Rank 300

CEA1 phase 1 0.898 0.898 0.904 0.924 0.874

CEA2 phase 2 0.962 0.962 0.962 0.975 0.937

Compass phase 2 0.089 0.140 0.586 0.650 0.121

FraunhoferIOSB phase 1 0.854 0.854 NA NA 0.842

FraunhoferIOSB phase 2 0.968 0.968 0.968 0.975 0.954

MITRE phase 2 0.529 0.879 0.943 0.975 0.676

Morpho Track phase 1 0.987 0.987 0.994 0.994 0.988

Morpho Track phase 2 0.994 0.994 1.000 1.000 0.994

Purdue phase 1 0.968 0.981 0.994 0.994 0.967

Purdue phase 2 0.962 0.987 0.994 0.994 0.964
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Fig. 3.19.: Retrieval performance of our proposed method and MSU [4] using CMC

in TID dataset with background image

3.6 Tattoo Image Retrieval For Region of Interest

In early 2015, NIST (National Institute of Standards and Technology) conducted

the Tattoo Recognition Technology - Challenge (Tatt-C) for developing tattoo image

recognition methods [12]. The challenge used a tattoo image dataset (tatt-c database)

provided by NIST and the FBI for doing the evaluations [13]. The Tatt-C database

consists of five datasets focused on five primary use cases: tattoo identification, region

of interest, mixed media, tattoo similarity, and tattoo detection [12, 13]. The goal of

the region of interest challenge was to develop image matching methods that allowed

subregions of interest from one tattoo image to be matched to another tattoo image.

Note that the “other tattoo” image is taken from the same subject of the original

image that includes the subregions of interest but at a different time. Therefore, there

are illumination changes and some distortions between the images.
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Fig. 3.20.: Retrieval performance of our proposed method and MSU [4] using CMC

in TID dataset without background image

In this section we describe our submission to the Tatt-C region of interest challenge

[140]. Our contribution is an image descriptor based on local self similarity [62] and

SIFT [21] that can represent a subregion of a tattoo image. We introduce a weighted

distance similarity metric to retrieve the most similar images from the test dataset.

Note that our experimental results were reported by NIST along with the results of

other participates of the Tatt-C Challenge in [11]. However, this report [11] does not

provide any technical description of our methods which is the basis of this method.

3.6.1 System Overview

Figure 3.21 shows a block diagram of our proposed tattoo image retrieval system

for region of interest (ROI). For each image in our database we obtain two descrip-
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tors that are associated with the image and are used for ROI matching. These two

descriptors are Local Self Similarity (LSS), described below, and SIFT. Images in our

database are sometimes referred to as gallery images.

In the retrieval process when a new image (also known as the probe image) is

presented to our system for ROI matching we first compute the SIFT and LSS de-

scriptors. We then compare the image descriptors from the probe image against the

gallery images in our database using the matching method based on our proposed

robust weighted distance similarity. The matching method returns a score to retrieve

the top N matched images.

Fig. 3.21.: Tattoo image retrieval system for region of interest

3.6.2 Scale Invariant Feature Transform

SIFT (Scale Invariant Feature Transform) has been widely used in object recog-

nition since it is invariant to scale and rotation and are robust to affine deformation,

illumination change, and change in 3D viewpoint [21]. Since SIFT has proved to

be effective in other tattoo image retrieval applications [3, 4, 29], we also used SIFT.

Each SIFT feature point is identified as a local minima and maxima of the Difference

of Gaussians (DoG) images across scales [21]. To obtain stable features, we reject

the feature points with low contrast. If the absolute value of the DOG for a feature
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point is less than the peak threshold tp = 1.5, we discard the feature. The SIFT

descriptor is then generated from the feature point by computing the orientation of

the gradient vector for each pixel in the feature point’s neighborhood and finding a

normalized histogram of gradient orientations. Each SIFT descriptor is represented

as a 128 dimensional vector.

3.6.3 Local Self Similarity

In [62] the Local Self Similarity (LSS) image descriptor that uses the similar color

of neighbor pixels was described. Since the same class objects have similar parts of the

objects that have similar color, the local self similarity is an important features that

can describe an image object. This descriptor can also represent the local region of

object well when there are small object distortions. For this reason, the self similarity

feature has been widely used in image classification and image matching. [65,141–143]

We also use LSS to generate our image descriptor. An example of the LSS descriptor

is shown in Figure 3.22. The ith SIFT feature fi is first determined. Then a 5 × 5

RGB color image patch centered on fi (red box) is compared with a 5×5 color image

patch (green box) by moving the patch within a larger region (41 × 41) centered on

fi (blue box). SSDfi(x, y) is the sum of square differences (SSD) between the RGB

color patches:

SSDfi(x, y) =
∑

k∈{R,G,B}

5
∑

m=1

5
∑

m=1

(rmnk − gmnk)
2 (3.27)

where (x, y) is the coordinate of the center of the green box, rmnk and gmnk are

pixels in red box and green box in each. Then the “correlation surface,” Sfi(x, y), is

obtained from SSDfi(x, y) as

Sfi(x, y) = exp(−
SSDfi(x, y)

Cn

) (3.28)

where Cn = 75 is a constant for normalization. Note that Sfi(x, y) represents how

much the patch centered on (x,y) is correlated with the patch centered on fi.
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The maximal value of Sfi(x, y) within each bin of the 2D polar histogram, shown

in Figure 3.22, (12 bins for the angle, 4 bins for the radius) is computed. The 2D

polar histogram whose bins filled with the maximal value is vectorized to generate

lssfi which is the LSS descriptor for fi. Next, lssfi is normalized by:

nlssfi =
lssfi

||lssfi ||
(3.29)

where nlssfi is the normalized LSS descriptor.

3.6.4 Image Descriptor

A subregion of a tattoo image has less discriminative power than an entire tat-

too image because the subregion has less information relative to the tattoo object.

Therefore, an image descriptor that represents a subregion should have discriminable

power to find a subregion for matching. We combine two image descriptors: SIFT

and LSS described from Sections 3.6.2 and 3.6.3. A histogram of pixel gradients is

used for the SIFT descriptor and a similar color pattern is used for the LSS descrip-

tor. Each descriptor uses different types of image properties which allows for better

discrimination of the image sub-region.

Finally, the image descriptor, ldfi is constructed by :

ldfi =





w1nlssfi

w2nsdfi



 (3.30)

where nsdfi is the normalized SIFT descriptor for fi and w1 and w2 are the weights

corresponding to nlssfi and nsdfi

3.6.5 Weighted Distance Similarity For Image Matching

Since image matching uses the descriptors, an appropriate image similarity metric

is important for image retrieval. The similarity metric in [4] uses the relationship
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(a) Image (b) Correlation Surface (c) LSS Descriptor

Fig. 3.22.: LSS descriptor

between the matched image features, but it does not include the distance between

the feature descriptors. Therefore, our weighted distance similarity (WDS) uses the

distances of the feature descriptors. Our image similarity is defined as :

SWDS(Ip, Ik) =

Nf
∑

i=1

xi(
1

mi(Ik)
log

NG

ni
)(

1

1 + ed
i
1

) (3.31)

where SWDS is the weighted distance similarity metric, Ip is a probe image, Ik is

the kth gallery image, mi(Ik) is the number of feature points including the ith feature

point in Ip that are matched to the same feature point in Ik, n
i is the number of

database images that have feature points matched to ith feature point in Ip, NG is the

total number of gallery images, and Nf is the number of SIFT features in Ip. xi is 1

if the ratio of the closest distance (di1) to the second closest distance (di2) between ldfi

in Ip and all ldfj in Ik is less is than pre-defined threshold, Ttr = 0.6. Otherwise, xi is

0. This is different from the similarity metric in [4]. Our SWDS includes di1 combined

with a sigmoid function. For ROI image retrieval, we choose the most similar tattoo

images in the database to maximize the SWDS.

3.6.6 Experimental Results

In this experiment we use three different metrics to evaluate the performance

of our proposed method on the NIST region of interest (ROI) Tatt-C citeNgan2015
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Table 3.14.: The description for our datasets

Number of Number of Number of Number of

Probe Gallery Background Different Cropped

Image Image Image Tattoo Object

Dataset 5 297 157 4332 157 No

dataset (dataset 5) : the Cumulative Match Characteristic (CMC) [121], precision

and recall [144], and Mean Average Precision (MAP) [145]. First, the CMC based

on top-20 rank retrievals from our database is used. The CMC score at the top N

rank is defined as the ratio of the number of the correctly matched probe images

within the top N ranks to the total number of probe images. In this metric we want

to achieve a higher CMC score at ranks with lower N . The NIST Tatt-C region of

interest dataset consists of 4786 tattoo images: 297 probe images, 157 gallery images

and 4332 background images [13]. Note that background images are added to the

gallery images as “distractors” to confuse the retrieve process. The description of our

datasets is summarized in Table 3.14.

NIST ROI Dataset (Dataset 5)

The ROI dataset is split into 5 sub-datasets for 5-fold cross validation. The CMC

score is then computed for each sub-dataset and the average CMC score is obtained.

We compared our method against the method described in [4] in terms of the average

CMC. We shall refer to this method [4] as the “MSU method”. Figure 3.23, Figure

3.24, Table 3.15, and Table 3.16 show the CMC results. Note that the dataset used

for Figure 3.23 and Table 3.16 includes distractor images, but the dataset used for

Figure 3.24 and Table 3.15 does not include the distractor images. We used our

image descriptors with the similarity metric described in [4] for “Proposed (Without

WDS)” and compared it with “WDS” described by Equation 3.31 using our image
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descriptor as shown in Figure 3.23, Figure 3.24, Figure 3.25. Our experimental results

show that our method without WDS is more accurate than MSU in ranks with lower

N while MSU’s method is more accurate than our method without WDS in ranks

with higher N . However, our method with WDS outperforms the MSU method in

all ranks. The method with WDS improves 2.35% more than the MSU method for

top rank-1 accuracy by achieving 96.61% (MSU : 94.26% for top rank-1) on the ROI

dataset without background. The method with WDS improves 2.7% more than the

MSU method for top rank-1 accuracy by achieving 91.56% (MSU : 88.86% for top

rank-1) on the ROI dataset with background.

Fig. 3.23.: Retrieval performance of our proposed methods and the MSU method

using CMC in the ROI dataset with background image

We also used precision and recall to compare our method with the method to

the MSU method [4]. Precision and recall are defined as (using the NIST definition

in [11]:
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Table 3.15.: CMC and MAP for the ROI dataset without background images

Method
CMC

MAP
Rank 1 Rank 5 Rank 10 Rank 15 Rank 20

MSU 0.9426 0.9626 0.9830 0.9830 0.9865 0.9538

Proposed (Without WDS) 0.9423 0.9763 0.9830 0.9830 0.9896 0.9574

Proposed (With WDS) 0.9661 0.9796 0.9865 0.9898 0.9932 0.9720

Table 3.16.: CMC and MAP in ROI dataset with background image

Method
CMC

MAP
Rank 1 Rank 5 Rank 10 Rank 15 Rank 20

MSU 0.8886 0.9156 0.9358 0.9358 0.9391 0.9015

Proposed (Without WDS) 0.9021 0.9223 0.9289 0.9323 0.9323 0.9068

Proposed (With WDS) 0.9156 0.9391 0.9425 0.9460 0.9460 0.9240
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Fig. 3.24.: Retrieval performance of our proposed methods and MSU method using

CMC in ROI dataset without background image

precision =
# of relevant gallery images on the retrieved images

# of retrieved images
(3.32)

recall =
# of relevant gallery images on the retrieved images

# of relevant images in gallery
(3.33)

Note that both metrics are functions of the number of retrieved images. To construct

the precision and recall, 11-point Interpolated Average Precision [145] is used. Figure

3.25 and Figure 3.26 shows the precision and recall. This show that our method with-

out WDS has higher precision in all recalls on both ROI datasets (with background

and without background). Also, our method with WDS outperforms our method

without WDS and the MSU method in terms of precision and recall.

Mean Average Precision (MAP) [145] is also used to evaluate our experiments.

MAP is a single-value metric related to precision and recall. It is computed as the
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Table 3.17.: CMC and MAP in ROI dataset with background images as reported

in [11]

Method Submission
CMC

MAP
Rank 1 Rank 10 Rank 100 Rank 300

CEA1 phase 1 0.731 0.737 0.771 0.811 0.733

CEA2 phase 2 0.781 0.785 0.818 0.845 0.783

Compass phase 2 0.175 0.250 0.325 0.475 0.028

MITRE phase 2 0.771 0.902 0.956 0.970 0.825

Morpho Track phase 1 0.936 0.949 0.960 0.966 0.940

Morpho Track phase 2 0.946 0.970 0.976 0.980 0.954

Purdue phase 2 0.916 0.943 0.953 0.970 0.924
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Fig. 3.25.: Retrieval performance of our proposed methods and MSU method using

precision and recall for the ROI dataset with background images

mean of the average area under the precision and recall curve across all probe images.

Therefore, a larger MAP means that the method is more accurate.

MAP (Q) =
1

|Q|

|Q|
∑

j=1

1

mj

mj
∑

k=1

Precision(Rjk) (3.34)

Where Q is a set of probe images, mj is the recall level for the j
th probe image, and

Rjk is the kth recall level for the jth probe image. In this experiment, we set mj=11

for any j and Rjk = 0, 0.1, 0.2, ... 1. Table 3.16 and Table 3.15 show the MAP

values for our methods and the MSU method. Our experimental results show that

our method without WDS improves 0.36% and 0.53% more than the MSU method for

both cases (with background images and without background images) respectively.

Also, our method with WDS improves 2.82% and 2.25% more than the MSU method

for both cases respectively.
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Fig. 3.26.: Retrieval performance of our proposed methods and MSU Method using

precision and recall for the ROI dataset without background images

Our method (Purdue) also outperforms 4 other methods reported in the NIST

challenge [11]. Note that our method reported in [11] is with WDS. NIST also eval-

uated all the submitted methods in terms of CMC, precision and recall, and MAP.

Table 3.17 shows the comparison results. Note that submission in the table means

which phase each method is submitted to. This table only considered the case that

background images are added to the gallery images as “distractors”. Since we do not

have the results of other methods reported in [11] we cannot show the precision and

recall curves of the other methods in this thesis. This table shows that our method

has higher CMC and MAP scores than the other 4 methods (CEA1, CEA2, Compass,

and MITRE), but it has lower scores than Morpho Track’s method. Note that our

method has a lower CMC score than MITRE by 0.3% in rank 100, but it has much

higher CMC scores in rank 1 and rank 10 by 14.5% and 4.1% respectively. Therefore,
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our method has higher MAP score (92.4%) than MITRE (82.5%) by 9.9%. More de-

tailed CMC results are in [11]. Morpho Track’s submission to Tatt-C is higher than

our method in terms of both CMC and MAP. Their phase 2 method achieved 94.6%

and 97.0% CMC score in rank 1 and rank 10 respectively, and it it outperformed our

method in rank 1 and rank 10 by 3.0% and 2.7% respectively. They also achieved

95.4% MAP score and this is 3.0% higher than our method.

3.7 Conclusions and Future Work

We described new local and global descriptors for tattoo image retrieval. Our

proposed descriptor is robust to partial shape distortions as well as invariant to

translation, scale, and rotation. By combining robust similarity with our MHLC,

we achieved more accurate results. A global shape descriptor combining MH and 2D

Fourier Transform robust to rotation was proposed as well. Our experimental results

showed our method achieved 70.3% top rank-1 accuracy and 88.36% top rank-10 ac-

curacy in dataset 1, 59.84% top rank-1 accuracy and 88.36% top rank-10 accuracy

in dataset 2, and 96.15% top rank-1 accuracy and 98.71% top rank-10 accuracy in

dataset 4. It outperformed the method of [4] by 13.3%, 14.85% and 0.6% in top

rank-1 and 1.98%, 8.32% and 1.90% in top rank-10 in dataset 1, 2 and 4 respectively.

Also, our method outperformed not only the existing hand crafted methods but also

the deep learning based method. Our experimental results showed that our RMHLC

outperformed the deep learning based image retrieval method in [34] by 5.7% and

4.9% in top rank-10 and top rank-20.

Also we introduced the improved MHLC descriptor, called as DMHLC descriptor.

Instead of using the spatial distribution of the SIFT features, the DMHLC descriptor

uses the spatial distribution of the densely sampled features on the tattoo object to

generate the multiple polar histograms. The multiple polar histograms are combined

with the SIFT descriptor. Our experimental results showed that our DMHLC descrip-

tor with the robust image similarity achieved 71.29% top rank-1 accuracy and 84.16%
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top rank-10 accuracy in dataset 1, and 64.66% top rank-1 accuracy and 88.77% top

rank-10 accuracy in dataset 2 It improved our MHLC descriptor with the robust im-

age similarity by 3.96% and 6.45% in top rank-1 and 6.93% and 0.2% in top rank-10

in dataset 1 and 2 respectively.

We introduced our modified inductive matching to improve the image retrieval

accuracy. By considering all the similarities between all the images in the database,

the image retrieval accuracy was improved. Different from existing methods such as

the diffusion process and the inductive matching, the modified inductive matching

retrieve the most dissimilar M2 database images to an input image first. Then, when

the similarity between the input image and a database image is computed, the mean

of the image similarities between the M2 database images and the database image

is subtracted from the pairwise similarity between the input image and the database

image. Our experimental results showed the modified inductive matching with the

combination of DMHLC descriptor and the robust image similarity achieved 67.78%

top rank-1 accuracy and 89.81% top rank-10 accuracy in dataset 2. It improved the

pairwise image similarity based on the combination of DMHLC descriptor and the

robust image similarity by 3.12% in top rank-1 and 1.04% in top rank-10 dataset

2. We also showed that the modified inductive matching worked well with the other

image descriptor or the other image similarity.

We introduce another image descriptor based on local self similarity (LSS) and

SIFT. We also proposed the image similarity metric weighted by the distance of the

descriptors for dataset 5. Our experimental results showed that our method achieved

91.56% top rank-1 accuracy and 94.25% top rank-10 accuracy. It outperformed the

method of [4] by 2.7% in top rank-1 and 0.67% in top rank-10.
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4. TATTOO IMAGE CLASSIFICATION BASED ON

SPARSE CODING

In this chapter, we describe our spatial pyramid alignment technique for sparse coding

based object classification [146]. Since our method can be used in general images

as well as a tattoo image, we show our experimental results on the tattoo image

dataset [61] as well as public image datasets such as Caltech 101 [147] and Caltech

256 [148]. Even though we mainly focus on the combination of our spatial pyramid

alignment and sparse coding methods in this chapter, our method can be used in the

deep learning based object classification that adopts a spatial pyramid pooling [149]

in the deep neural network.

4.1 Review of Existing Methods

The bag of visual words (BOW) [46] model has been widely used for image rep-

resentation. In the BOW model, each local feature is coded using a set of predefined

codewords. The set of codewords is referred to as the codebook. Coding features

using the codebook is analogous to representing vectors using a set of basis vectors.

The codebook is usually constructed using a set of local image features randomly

sampled from the training images. The feature coding vector is the output of the

coding process. It is comprised of a set of coefficients where each coefficient is the

contribution of a particular codeword in representing the feature. Vector quantiza-

tion (VQ) [47, 48] simplifies the coding process by assuming that a feature can be

represented by a single codeword. Therefore, all the elements of the coding vector

are zeros except for a single element corresponding to the codeword closet to this

feature. However, vector quantization is not adequate to represent the variation of

features. This causes degradation in the performance of image representation and
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classification. Sparse coding [49–59] has been utilized to address this problem. In

sparse coding each local image feature is represented by a combination of a small

number of codewords.

The final image representation is based on the coding vectors of all the local

image features. To combine multiple coding vectors into a single vector, average

or max pooling [60] is utilized. In average pooling, the final image representation

vector is computed by averaging all the coding vectors, whereas max pooling uses the

maximum value of each element among all the coding vectors separately. The basic

BOW model combines the features coding vectors without considering the spatial

distribution (layout) of the local image features. This means that the spatial locations

of the local images features are not used in the BOW model. This drawback of the

BOW model limits the descriptive power of the final image representation.

To address this problem, spatial pyramid feature pooling (SPP) [47, 49, 52–58]

has been proposed and incorporated in most feature coding methods. To construct

a spatial pyramid, an image is partitioned into 2l × 2l subregions at different lth

levels (l=0,1,2). The first level consists of 16 subregions, whereas the second level

contains 4 subregions and the third one is a single region. Instead of using max

or average pooling on the entire image, SPP is done on each subregion. The final

image representation of SPP is the concatenation of all the subregions representation

vectors. Existing methods which are based on SPP assume that the center of an

object is aligned with the center of the image. Therefore, the center of the image is

used as the center of the spatial pyramid. However, the center of most images are not

aligned with the center of objects correctly. This misalignment propagates in feature

pooling results in several subregions at multiple pyramid levels.

There exist many image classification methods based on sparse coding. Codebook

construction is essential to accurate image representation and classification. Many

sparse coding methods have been proposed to learn accurate codebooks. In [58] a

sparse representation for face recognition is shown to perform better than the con-

ventional face recognition representations. In [59] the importance of an accurate
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codebook generation is addressed. K-SVD is also introduced to learn a codebook

accurately. In [51] discriminative K-SVD is proposed. K-SVD learns a codebook and

a classifier jointly in an unsupervised approach, which results in an improved image

classification accuracy. In [49] a supervised codebook learning method based on K-

SVD is proposed. In [150] a kernel function is used to generate a codebook, and is

shown to improve the classification accuracy. In [56], the hierarchical sparse coding is

proposed. Feature coding and pooling are used on local image features sequentially to

generate subregion representation vectors. The same feature coding method is used

on the subregion representation vectors. This hierarchical coding achieves image rep-

resentation robust to objects deformations. In [57] multiple image patches are used

as local image features. These features are encoded using K-SVD based spare coding

in combination with a hierarchical sparse coding scheme.

In [47, 52, 151] the combination of the feature coding and the spatial pyramid is

investigated. The classification performance is improved by combining the vector

quantization with the spatial pyramid in [47]. In [52] the sparse coding is used

with spatial pyramid instead of vector quantization. It shows that sparse coding

with spatial pyramid can represent an image with more discriminative power. In

[151] the importance of locality constrained feature coding (LLC) is addressed. The

locality constraint is shown to be more powerful than the sparsity constraint in coding

features.

In [53,54] geometric feature pooling methods are described. Based on the assump-

tion that the same class image shares similar spatial layouts, the weighted spatial

pooling function is learned. In [152] the regions for feature pooling are learned. In-

stead of dividing the entire image using a spatial pyramid grid, a hierarchical structure

of subregions is learned and is shown to improve the classification accuracy. In [55] a

spare coding method based on an ensemble of classifiers is proposed. This method is

shown to be robust against overfitting.



99

Most existing methods described here use spatial pyramids and feature coding

methods to improve the classification accuracy, However, the proper alignment be-

tween the center of an object and the center of the spatial pyramid is not addressed.

In this thesis, we propose a method to estimate the centers of various objects

and propose to align the spatial pyramid center accordingly. Our proposed method

is based on the spatial layout of the max pooled features. We also propose a final

image representation descriptor robust to the misalignment of the spatial pyramid

center. The experimental results demonstrate that our method is simple yet efficient

in handling misalignments issues.

4.2 Center-Aligned Spatial Pyramid (CASP) Based Object Classification

Figure 4.1 shows the block diagram of our proposed object classification method.

First, the dense local image features are extracted from an image. Coding vectors for

all the local image features are generated using sparse coding. Instead of generating a

regular spatial pyramid grid, we generate a Center-Aligned Spatial Pyramid (CASP)

by estimating the center of the object in the image and aligning the center of the

pyramid accordingly. Max pooling of all the feature coding vectors of the entire image

is used to estimate the center of the object. Final image descriptor is found using max

pooling in our CASP. Furthermore, to make our image descriptor robust to object

deformations, we generate multiple CASP based image descriptors. Each descriptor

is obtained by shifting the estimated center in a pre-defined margin. The maximum

value of each element among all the image descriptors is computed to generate our

final image descriptor. For image classification, the linear support vector machine

(SVM) [153,154] is used.

Fig. 4.1.: System overview
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4.2.1 Sparse Coding and Max Pooling

To generate a feature coding vector for a local image feature, we use sparse coding

in [52]. Once the local image feature is extracted from an image, the feature coding

and codebook learning process is done by minimizing the following formula.

argmin
um,V

M
∑

m=1

‖fm −Vum‖2 + λ‖um‖

s.t.‖vc‖ ≤ 1 m = 1, 2, ..,M

(4.1)

where fm ∈ IRd×1 is the mth local image feature vector, um = [u1m, u2m, .., ucm, ..]
T ∈

IRC×1 is a feature coding vector for fm,V = [v1,v2, ..,vC] ∈ IRd×C is a codebook, vc

is the cth codeword in the codebook, M is the total number of the local image features

in an image, and C is the size of the feature coding vector. For minimizing this ,

“feature-sign search” [155] is used. Once all the feature coding vectors for all the local

image features are generated, max pooling is used to generate a subregion descriptor

using all the feature coding vectors within the subregion in spatial pyramid. Let zijlc

be the max value of the cth element of all the feature coding vectors within the (i, j)th

subregion at the lth pyramid level.

zijlc = max(wl
1|uc1|, w

l
2|uc2|, .., w

l
m|ucm|, .., w

l
M |ucM |)

wl
m = {

1 if pm ∈ Rl
ij

0 otherwise
i, j = 1, 2, .., 2l

(4.2)

where Rl
ij is (i, j)

th subregion at lth level in pyramid, pm is the spatial coordinate of

fm, and zijl = [zijl1 , zijl2 , .., zijlC ] is the subregion representation vector for Rl
ij.

4.2.2 Center-Aligned Spatial Pyramid Generation

BOW models using dense local image features have demonstrated higher accuracy

in object recognition compared to spare features (i.e. interest points) [46, 156, 157].

One of the famous dense local image features is a Dense SIFT (Dense Scale Invariant

Feature Transform). In Dense SIFT, single SIFT descriptor is generated on each
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of densely sampled pixel locations. The single SIFT descriptor is used as a local

image feature. Since the center of an object is difficult to estimate from dense local

image features, the center of the spatial pyramid is assumed to be the center of the

image. However, when considering multiple images containing the same object, the

misalignments between the centers of the spatial pyramids and the object center cause

parts of the object to lie in different subregions within the spatial pyramids. This

misalignment propagates in feature pooling results in several subregions at multiple

pyramid levels.

In Figure 4.2 two images for the same class (fish) illustrate this problem. The blue

lines represent the grid of the original spatial pyramid and the red lines represent the

grid of our CASP. As shown in Figure 4.2, our CASP splits the same parts of two

object into the same subregions, but the original spatial pyramid does not. To find

(a) Dense Features (b) Max Pooled Fea-

tures

(c) Grid at l=1 (d) Grid at l=2

(e) Dense Features (f) Max Pooled Fea-

tures

(g) Grid at l=1 (h) Grid at l=2

Fig. 4.2.: Example of Center-Aligned Spatial Pyramid Generation: Blue color repre-

sents the original spatial pyramid grid and red color represents our CASP grid

the center of an object, we describe a simple but efficient method based on max

pooled features on the entire image. Since the max pooled features indicates the

most salient parts of an object, the spatial layout of the max pooled features can
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be used to estimate the center of an object. We find the index of the most salient

feature, m′ that has the maximum response to the cth codeword in V:

m′ = argmax
m

( w0
m|ucm| ) m = 1, 2, ..,M (4.3)

where m′ = 1, 2, ..,M ′, M ′ is the number of the max pooled features in the entire

image. Note that we repeat this process from c=1,..,C, and we do not find the max

pooled feature index, m′ if the maximum response for cth codeword is zero. Therefore,

the number of max pooled features,M ′ cannot be larger than the feature coding vector

size, C. Then, the center of an object, pct is estimated as follows:

pct =
M ′

∑

m′=1

pm′ where pct = (xct, yct) (4.4)

Once the center of a spatial pyramid is estimated, our CASP is constructed based on

subregions of it defined as:

Rl
ij = {(x, y)|xl < x ≤ xh and yl < y ≤ yh}

xl =
xct

2l−1 (i− 1)

xh = xct

2l−1 i
i ≤ 2l−1

xl =
w−xct
2l−1 i+ 2xct − w

xh = w−xct
2l−1 (i+ 1) + 2xct − w

i > 2l−1

yl =
yct
2l−1 (j − 1)

yh = yct
2l−1 j

j ≤ 2l−1

yl =
h−yct
2l−1 j + 2yct − h

yh = h−yct
2l−1 (j + 1) + 2yct − h

j > 2l−1

(4.5)

where h and w are the image height and width, respectively. The final image descrip-

tor is the concatenation of all the max pooled feature vector over all the subregions

in the CASP centered at pct

Dpct
= [zijl] i, j = 1, 2, ..2l, l = 0, 1, 2 (4.6)

Note that the cth element of Dpct
is obtained by finding the maximum value among

all the cth elements of all the feature coding vectors within the (i, j)th subregion at
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the lth pyramid level. We also propose to add new subregions. These subregions are

formed by connecting the centers of the four nearest subregions at each level of CASP.

Figure 4.3 illustrates this concept. In Figure 4.3 left one is our previous CASP and

right one is our modified CASP (MCASP). Note that the newly added subregions

(shown in red) describe the parts of object more in detail.

Fig. 4.3.: Our Modified Center-Aligned Spatial Pyramid (MCASP) structure

Let the five subregion descriptors additionally added at l =1,2 be z1ad1, z
2
ad1, z

2
ad2,

z2ad3, and z2ad4 and the concatenation of these descriptors be Dadd
pct

. Then, our image

descriptor is generated by concatenating Dpct
and Dadd

pct
.

D′
pct

= [Dpct
, Dadd

pct
] = [dpct

1 , dpct

2 , ..] (4.7)

4.2.3 Image Descriptor Robust to Object Deformation

Even though our proposed CASP is aligned with the center of the object of in-

terest, object deformations might still occur and cause degradation in performance.

When an object is deformed, its parts might be shifted from one subregion to an

adjacent one. This is referred to spatial quantization error in spatial pyramid. To

solve this spatial quantization error, we shift pct multiple times, and for each time we
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find the image descriptor, D′
pct

centered on the shifted pct. The range of shifting is

referred to the margin of deformation. Then, the final image descriptor is generated

based on max pooling of each element of the multiple image descriptors, D′
pct

.

FDpct
= [max(d

pct+pmargin

1 ),max(d
pct+pmargin

2 ), ...] (4.8)

where pmargin = (xmargin, ymargin) , −t ≤ xmargin ≤ t, and −t ≤ ymargin ≤ t. This

enables us to capture the similar salient parts of an object in the same subregions of

the same class images even when there are small shape variations between them.

4.3 Experimental Results

To evaluate the performance of our method, we implemented our method on two

different feature coding methods: SC [52] and LLC [125]. In this experiment three

different datasets are used: Caltech-101 [147], Caltech-256 [148], and Evil Tattoo

dataset [158]. First two datasets are popular for testing object recognition, and the

third dataset is suitable to evaluate the robustness of an image descriptor against

object deformations.

We compared our methods against several existing methods that use the BOW

model combined with a spatial pyramid. Additionally, for SC [52] and LLC [125]

we reported their results based on a local evaluation using the software they provide

under the exact same experimental setup: the same sets of images randomly chosen

for training and test, and the same codebook. These experimental results are referred

to SC (our evaluation) and LLC (our evaluation). Note that the accuracies of our

evaluation for SC and LC is slightly different from what they reported in their publi-

cations [52,125]. For fair comparison, we compare our proposed methods against SC

(our evaluation) and LLC (our evaluation) since the same experimental setup is used.

We refer to the method based on SC for feature coding and CASP for spatial

pyramid as SC+CASP. SC+MCASP is the method that uses SC with our modified

CASP as shown in Figure 4.3. LLC+CASP is the method that uses LLC as feature

coding and CASP as spatial pyramid. LLC+MCASP is the method that uses LLC
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with our modified CASP as shown in Figure 4.3. In both methods, the final image

descriptor is generated by shifting the estimated center within a pre-defined margin,

t = 3. For local image features, dense SIFT in [52, 125] are used for all the datasets.

For Caltech-101 and Caltech-256, we followed the same experimental setting as in

[52, 125]. We randomly select 30 images per class for training and use the remaining

images for testing. After computing classification accuracy for each object class, the

mean classification accuracy over all classes is computed. We repeat this process 5

times and compute the average accuracy.

4.3.1 Caltech-101 Dataset

The Caltech-101 dataset [147] contains 9144 images from 102 different class, in-

cluding 101 object class and 1 additional background class. The number of image

per class ranges from 31 to 800. For this dataset, we followed the same experiment

setting as [52]. The size of a codebook for SC and LLC is set to C = 1024. Table 4.1

shows the experimental results. With SC, our method (SC+MCASP) outperforms

other existing methods except MHMP. Our method (SC+MCASP) outperforms the

original method, SC by 2.74%. Also, our method (LLC+MCASP) outperforms the

original method, 2.08%. These results show that our MCASP can be combined with

two different feature coding methods and it improves both of original methods.

4.3.2 Caltech-256 Dataset

The Caltech-256 dataset [148] contains 29,780 images from 257 different class,

including 256 object class and 1 additional background class. The number of image

per class ranges from 80 to 827. The size of a codebook for SC and LLC is set

to C = 1024 and C = 4096 as in [52, 125]. Table 4.1 also shows the experimental

results for Caltech-256. With SC and LLC, our method (SC+MCASP) and our

method (LLC+MCASP) outperforms other existing methods except MHMP as well.
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Table 4.1.: Classification accuracy (%) on Caltech-101 and Caltech-256 datasets

Method Caltech-101 Caltech-256

KC [150] 64.16 27.17

VQ [47] 64.60 29.51

SRC [58] 70.70 33.33

D-SVD [159] 73.00 32.67

SC [52] 73.20 34.02

LLC [151] 73.44 41.19

LC-KSVD [49] 73.60 34.42

HSC [56] 74.00 N/A

MHMP [57] 82.50 50.70

LLC (our evaluation) 71.95 35.96

Our method (LLC+CASP) 73.21 36.53

Our method (LLC+MCASP) 74.02 37.55

SC (our evaluation) 72.33 34.75

Our method (SC+CASP) 74.50 36.30

Our method (SC+MCASP) 75.07 37.09
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Table 4.2.: Classification accuracy (%) on Evil Tattoo dataset

Method Accuracy (%)

LLC (our evaluation) 51.57

Our method (LLC+CASP) 51.93

Our method (LLC+MCASP) 52.33

SC (our evaluation) 54.12

Our method (SC+CASP) 55.81

Our method (SC+MCASP) 56.56

Our method (SC+MCASP) outperforms the original SC by 2.34%, and our method

(LLC+MCASP) outperforms the original LLC by 1.59%.

4.3.3 Evil Tattoo Dataset

The evil tattoo dataset [158] contains 1,477 images in total from 27 different class.

All the images in this dataset are acquired from eviltattoo.com. The number of image

per class ranges from 14 to 180. For this dataset, we randomly select 10 images per

class for training and use the rest of images for testing. The size of a codebook

for SC and LLC is set to C = 1024. Table 4.2 also shows the experimental results

for the evil tattoo dataset. Since there are no published results on this dataset,

we compared our method against our local evaluations of SC and LLC. With SC,

our method (SC+MCASP) outperforms the original SC by 2.44%. With LLC, our

method (LLC+MCASP) outperforms the original LLC by 0.76%.

4.3.4 Discussion

We tested our method with two different feature coding methods on three differ-

ent dataset. Our experimental results show that by combining our proposed spatial
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pyramid (MCASP) with the feature coding methods the classification accuracies are

improved. This was demonstrated using the three challenging datasets. We also

investigated the impact of using the proposed new subregions within MCASP. This

was achieved by comparing the improvement achieved using CASP versus MCASP.

The experimental results demonstrated that the improvement is equally attributed

to CASP and MCASP. For example, LLC+MCASP improved LLC+CASP by 1%

on the Caltech-256 dataset, where as LLC+CASP improved LLC by 0.6%. Also,

SC+MCASP improved SC+CASP by 0.8% on the Caltech-256 dataset, where as

SC+CASP improved SC by 1.55%. This means that both contributions: spatial

pyramid alignment and the introduction of new subregions, are significant to the

improvement in classification accuracy.

4.4 Conclusions and Future Work

In this thesis we proposed a simple but efficient spatial pyramid alignment method

that can be combined with the existing feature coding methods. By using max pooled

features, we estimate an object center and align the spatial pyramid accordingly. We

also propose an image representation descriptor robust to misalignment and object de-

formations using max pooling on multiple image descriptors generated by shifting the

pyramid center in a pre-defined margin. We tested the modified center-aligned spatial

pyramid with two different feature coding methods on three different datasets. Our

experimental results show that by combining our proposed spatial pyramid (MCASP)

with the feature coding, classification accuracy is improved. In the future, we will

investigate methods to estimate an object center when there is background clutter.
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5. SHAPE MATCHING AND RETRIEVAL USING A

SELF SIMILAR AFFINE INVARIANT DESCRIPTOR

In this chapter, we describe our shape matching and retrieval technique using a self

similar affine invariant descriptor [139].

Shape matching has been widely used in computer vision and is critical in image

retrieval. A better representation of the shape of an object can greatly improve

matching accuracy. It is difficult to have an accurate shape model because geometric

transformation such as rotation, translation, scaling, shearing, and deformations such

as noise, articulation, and occlusion are not easy to be modeled.

There are mainly two types of shape representations, contour-based and region-

based models [160, 161]. Region-based representation uses all the points on the con-

tour of the shape of an object as well as the points inside the contour [161]. Con-

tour based representation uses information from the shape boundary and achieves

good performance [162, 163]. Two general types of shape descriptors are used with

a contour-based representation: global shape descriptors and local shape descriptors.

Since non-rigid deformations are difficult to be modeled using a global shape descrip-

tor, many existing methods have focused on local shape descriptors with consideration

of global information [164–168]. Therefore we focus on a local shape descriptor.

Since non-rigid deformation can be approximated by a local affine transformation

[125], we describe in this thesis a local shape descriptor invariant to affine transform.

Our contribution is a local affine invariant shape descriptor based on self similarity

of the object shape (SSAI). The SSAI is also insensitive to local shape distortion and

articulation. By using multiple SSAI descriptors based on different sets of neighbor

points, object shapes deformed by non-rigid deformation can be recognized more

accurately. We also describe an efficient image matching approach using multiple

SSAI descriptors.
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5.1 Review of Existing Shape Methods

Many methods have been proposed to combine both characteristics of global and

local shape information. In [117], a Shape Context (SC) descriptor is described to

exploit spatial correspondence between two shapes. The spatial correspondence was

used to construct an aligning transformation in order to map one shape to the other.

The log polar histogram was used to generate the SC descriptor. The dissimilarity

between shapes can be then estimated as the sum of matching errors using alignment

errors. In [169] the affine transformation and a non-rigid local transformation were

combined to generate a probability model that determines similarity between shapes.

Softassign [170] was used for this model since it is equivalent to minimizing the EM

free energy function. Unfortunately, this method only allowed specific representation

of shapes. In [171] SC was enhanced by using an ordered Bag of Feature model [172].

In [126] a representation based on strings of symbols for shape matching was used.

In both [171] and [126] dynamic programming was used to improve the matching

performance. For the SC descriptor to adapt to articulation, such as non-linear

transformation, the inner distance was introduced to replace Euclidean distance in

[164]. The shape boundary is assumed to be known. The inner distance does handle

occlusion and large deformation well due to its sensitivity to shape topology. In [160]

pairwise geometric relations between contour fragments was used to establish self-

closed partial descriptor that is invariant to rotation, scaling, and translation. This

method is able to capture local information while achieving good performance against

some deformations such as occlusion and distortion. In both [165] and [166] a closed

contour shape was divided into curve segments hierarchically. These segments were

compared explicitly for shape matching. In [167] contour flexibility was proposed

to represent the deformable potentials at contour point. This descriptor has more

resistance to deformation. In [125] a local affine invariant descriptor was described.

An orthogonal projection matrix for a set of contour points is used to construct

the affine-invariant descriptor. In [161] a representation based on height functions
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of contour points was introduced. Every contour point was described by a height

function that is defined based on the distances from other points to this point’s

tangent line. The height descriptor is acquired by smoothing the height functions

since a precise description may be too sensitive to local deformations. In [163] a metric

partition constraint was described and motivated by the idea of height functions to

bridge the local and global information while retaining good computational efficiency.

Metric sequence with Euclidean distance and triangle radius were used as two different

distance metrics. The author used a partition and smoothing process to reduce the

description’s dimension as well as sensitivity to deformations.

5.2 Proposed Shape Retrieval System

5.2.1 System Overview

Figure 5.1 shows the block diagram of our proposed shape retrieval system. In

the archive process for each image in our database we obtain contour points and sort

them in clockwise order. From these points we obtain sets of Self Similarity Based

Affine Invariant (SSAI) descriptors. In the retrieval process when an input image is

presented to our system, we first generate SSAI descriptors on contour points sorted in

clockwise order similar to the archive process. We then compare the SSAI descriptors

obtained from the input image against those obtained from images in our database

using image matching method. The matching method first returns a score to retrieve

the top M matched images. Then, the scores between top M matched images and

database images are computed. Last, top Nsim images are retrieved based on the

summation of those scores.

5.2.2 Self Similar Affine Invariant (SSAI) Descriptor

Since nonrigid deformation, perspective projection, and articulated motion can

be approximated by a locally affine transformation [125], our descriptor can also



112

Fig. 5.1.: Our proposed shape retrieval system

represent an object shape properly under these deformations. If there are two sets of

points transformed by an affine transform, subsets of each set of points are also related

by the same affine transformation. Using this property with the pseudo inverse, we can

construct a shape descriptor that is invariant to affine transformation. To generate a

set of SSAI descriptors, we obtain contour feature points of an object from an image

and sort them in clockwise order. In this thesis, the sorting method in [164] was used.

Let X and Y be the sorted feature points on the contour of an input image (IX) and

a database image (IY ):

X = [x1,x2, ..xi, ..,xN ] Y = [y1,y2, ..,yj , ..,yN ] (5.1)

where xi = [xi1 xi2]
T and yj = [yj1 yj2]

T are the points on the contour.

For xi and yj we obtain their neighbor points, Xk
i and Y k

j (k = 1, 2).

Xk
i = [xi−nk/2,xi+1−nk/2, ..,xi, ..,xi−1+nk/2,xi+nk/2]

Y k
j = [yj−nk/2,yj+1−nk/2, ..,yj , ..,yj−1+nk/2,yj+nk/2]

(5.2)

where n′
k = nk + 1 is the number of points in Xk

i and Y k
j . Note that X2

i and Y 2
i are

subsets of X1
i and Y 1

i respectively (n2 < n1). If all the points of X
1
i are mapped onto
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all the points of Y 1
j by the affine matrix, H, then all the points of X2

i are also mapped

onto all the points of Y 2
j by H. Y k

j can then be represented as

Y k
j = HkX

k
i Pk = HXk

i Pk

s.t. Y k
j =





Y k
j

1T
n′

k



 Xk
i =





Xk
i

1T
n′

k



 H =





A t

0T 1





(5.3)

where Pk is a n′
k × n′

k permutation matrix, 1n′

k
= [1, .., 1]T , t = [t1 t2]

T , 0 = [0 0]T ,

and A is a 2× 2 non-singular matrix. As shown in [125], (5.3) can be rewritten using

Ỹ k
j = Y k

j C, X̃k
i = Xk

i C and A instead of Y k
j , Xk

i and H by multiplying Y k
j and Xk

i

to the centering matrix, C.

Ỹ k
j = AX̃k

i Pk

s.t. C = (I −
1

n′
k

1n′

k
1T
n′

k
)

(5.4)

where I is identity matrix. Note that Ỹ k
j and X̃k

i are invariant under translation.

Since Ỹ 1
j and Ỹ 2

j are transformed from X̃1
i and X̃2

i by the same A respectively, the

relationship between Ỹ 1
j and Ỹ 2

j is consistent with the relationship between X̃1
i and

X̃2
i under any matrix A. Under the assumption that X̃k

i is a full row rank matrix

pseudo inverse [173] of Ỹ 1
j multiplied by Ỹ 2

j is invariant to A.

˜Y 1+
j Ỹ 2

j = (AX̃1
i P1)

+(AX̃2
i P2) (5.5)

where + is a pseudo inverse operator. Since any permutation matrix has orthonormal

rows, A is non-singular, and X̃k
i is a full row rank matrix, (5.5) can then be written

as
˜Y 1+
j Ỹ 2

j = P+
1 X̃1+

i A+(AX̃2
i P2) = P−1

1 X̃1+
i A−1(AX̃2

i P2)

= P T
1 X̃

1+
i X̃2

i P2

(5.6)

For permutation invariance, ˜Y 1+
j Ỹ 2

j is first multiplied by its transpose.

R ˜
Y 1+

j Ỹ 2
j

= ˜Y 1+
j Ỹ 2

j (
˜Y 1+
j Ỹ 2

j )
T = P T

1 X̃
1+
i X̃2

i P2(P
T
1 X̃

1+
i X̃2

i P2)
T

= P T
1 X̃

1+
i X̃2

i (X̃
1+
i X̃2

i )
TP1 = P T

1 R ˜
X1+

i X̃2
i

P1

(5.7)
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Since ˜Y 1+
j Ỹ 2

j can be infinite, it is computed using regularization as

˜Y 1+
j Ỹ 2

j = ˜Y 1T
j (Ỹ 1

j
˜Y 1T
j + λI)−1Ỹ 2

j (5.8)

where λ = 1 is a regularization parameter. Then, the diagonal elements of ˜Y 1+
j Ỹ 2

j (
˜Y 1+
j Ỹ 2

j )
T

are obtained as

diag(R ˜
Y 1+

j Ỹ 2
j

) = diag(P T
1 R ˜

X1+

i X̃2
i

P1) = P T
1 diag(R ˜

X1+

i X̃2
i

) (5.9)

where diag(·) is an operator to compute diagonal elements of input matrix. Since

all the points in ˜Y 1+
j and X̃1+

i are already ordered in clockwise, P1 is an identity

or reverse identity matrix. Note that if an input image and a database image are

mirrored, P1 will be a reverse identity matrix. Otherwise, P1 is an identity matrix.

Then, our first descriptor for xi invariant to permutation and affine transformation

is generated by convolving diag(R ˜
X1+

i X̃2
i

) and diag(R ˜
X1+

i X̃2
i

) multiplied by a reverse

identity matrix, E.

Desxi

1 = diag(R ˜
X1+

i X̃2
i

) ∗ Ediag(R ˜
X1+

i X̃2
i

) (5.10)

where ∗ is convolution operator and Desxi

1 is the first descriptor for xi. Similarly our

second descriptor for xi, Desxi

2 is obtained as

Desxi

2 = diag(R ˜
X2+

i X̃1
i

) ∗ Ediag(R ˜
X2+

i X̃1
i

) (5.11)

Note that Desxi

1 = [d11, d
2
1, .., d

2n′

1
−1

1 ] is a 2n′
1-1 dimensional vector and Desxi

2 =

[d12, d
2
2, .., d

2n′

2
−1

2 ] is a 2n′
2-1 dimensional vector. Even though Desxi

1 and Desxi

2 are

invariant to affine transformation, they can still be sensitive to local shape dis-

tortion. A smoothing process is used to make the descriptors insensitive to local

shape distortion. Let the smoothed descriptors be Desxi

s1 = [sd11, sd
2
1, .., sd

n′

1

1 ] and

Desxi

s2 = [sd12, sd
2
2, .., sd

n′

2

2 ]. Then, sdt
′

1 and sdt
′

2 are obtained as

sdt
′

1 =







1
2

∑2t′

t=2t′−1 d
t
1 if t′ 6= n′

1

dt1 if t′ = n′
1

sdt
′

2 =







1
2

∑2t′

t=2t′−1 d
t
2 if t′ 6= n′

2

dt2 if t′ = n′
2

(5.12)
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Note that the lengths of the smoothed descriptors (Desxi

s1 and Desxi

s2 ) are also reduced

from 2n′
1-1 and 2n′

2-1 to n′
1 and n′

2 respectively. Our SSAI descriptor is then defined

by concatenating two smoothed descriptors with weight, wd.

FDESxi =





Desxi

s1

wdDesxi

s2



 (5.13)

where wd = ||Desxi

s1 ||2/||Desxi

s2 ||2. Our final SSAI descriptor, FNDESxi is obtained

by normalization

FNDESxi = FDESxi/||FDESxi ||2 (5.14)

5.2.3 Multiple SSAI Descriptors/Multiple Levels

The SSAI descriptor for one contour point is a local shape descriptor based on its

neighbor points. To recognize an object more distinguishably, local shape descriptors

of different sizes representing different local object shapes are used. In the SSAI

descriptor the size of neighbor points is a parameter used to represent different local

object shapes. Therefore, we change the size of neighbor points, n1 and n2 from small

to large and generate multiple SSAI descriptors for one contour point, xi.

n1ℓ = Nlowestℓ, n2ℓ = 0.5Nlowestℓ for ℓ = 1, 2, .., L (5.15)

where n1l is the number of neighbor points (n1) at ℓ
th level, Nlowest is the number of

neighbor points at the lowest level, and L ≤ N/Nlowest is the number of levels. Since

large local shape represented by large number of neighbor points can have more shape

variations than small local shape, the first and second descriptor in (5.10) and (5.11)

are re-defined at ℓth level with additional smoothing process.

Desxi

1 = diags(R ˜
X1+

i X̃2
i

) ∗ Ediags(R ˜
X1+

i X̃2
i

)

Desxi

2 = diags(R ˜
X2+

i X̃1
i

) ∗ Ediags(R ˜
X2+

i X̃1
i

)
(5.16)
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where diags(·) is a smoothed version of diag(·)

sat
′

1 =







1
ℓ

∑ℓt′

t=ℓ(t′−1)+1 a
t
1 if t′ 6= Nlowest + 1

at1 if t′ = Nlowest + 1

sat
′

2 =







1
ℓ

∑ℓt′

t=ℓ(t′−1)+1 a
t
2 if t′ 6= 0.5Nlowest + 1

at2 if t′ = 0.5Nlowest + 1

(5.17)

where at1 and at2 the tth are elements of diag(R ˜
X1+

i X̃2
i

) and diag(R ˜
X2+

i X̃1
i

). Also, sat
′

1

and sat
′

2 are the t′th elements of diags(R ˜
X1+

i X̃2
i

) and diags(R ˜
X2+

i X̃1
i

). For example,

if Nlowest = 20, the length of diag(R ˜
X1+

i X̃2
i

) is 21, 41, 61 at ℓ = 1, 2, 3, and the

length of diag(R ˜
X2+

i X̃1
i

) is 11, 21, 31 at ℓ = 1, 2, 3. After smoothing, the lengths of

diags(R ˜
X1+

i X̃2
i

) and diags(R ˜
X2+

i X̃1
i

) at any ℓ are 21 and 11 respectively.

5.2.4 Image Matching

Given two points, xi and yj that belong to contour feature points in X and Y ,

the cost function between two points at ℓth level is defined as:

cℓ(xi,yj) = ||FNDESxi

ℓ − FNDES
yj

ℓ ||22 (5.18)

where i, j = 1, 2, .., N . If cℓ(xi,yj) is greater than threshold τℓ = τ/ℓ, cℓ(xi,yj) is

set to τℓ. τ=0.15 is determined empirically. For matching between X and Y we need

to find the pairs of xi and yj that minimize the following cost function, Cℓ(πℓ) at ℓ
th

level:

Cℓ(πℓ) =
N
∑

i=1

cℓ(xi,yπℓ(i)) (5.19)

where (i, πℓ(i)) is the pair of (i, j) minimizing Cℓ(πℓ). Since the points in X and Y

are already ordered, the dynamic programming approach in [164] was used to find the

pair of points, (i, πℓ(i)) at each ℓth level. By summing minimum Cℓ(πℓ) from ℓ = 1

to ℓ = L, the matching cost between X and Y using multiple SSAI descriptors is

obtained. Similar to [161], shape complexity is additionally used for the matching

cost to improve retrieval accuracy. The idea of shape complexity is that simple shapes
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are not easy to be distinguished as complex shapes. By using this idea, we improve

the matching accuracy by assigning more weights to the simple shapes.

CM(X, Y ) =
L
∑

l=1

Cℓ(πℓ)

β + Vℓ(X) + Vℓ(Y )
(5.20)

where Vℓ(X) and Vℓ(Y ) are the shape complexity of X and Y at ℓth level and β=0.35

is constant. Vℓ(X) is defined as

Vℓ(X) =
1

n′
2 + n′

1

n′

2
+n′

1
∑

t=1

std(FNDESx1

ℓ (t), ..., FNDESxN

ℓ (t)) (5.21)

where std(·) denotes the standard deviation.

To improve retrieval accuracy, we use another cost function, R(X, Y ). Let A, B,

and C be images that have the same object but have shape variations. Assume that

A is similar to B, B is similar to C, but A is not similar to C. Using the similarity

between A and B with the similarity between B and C is helpful to match A and

C. This idea was also addressed in [174] but it requires pre-computed similarities

between all pairs of images and a complex learning process. In this thesis we describe

a simpler method. First, we find the top M images that minimize CM(X, Y ) from

the database. Let the top M image be Xk
sim for k = 1, 2, ...,M . Then, CM(Xk

sim, Y )

is computed and summed for all k = 1, 2, ...,M as

R(X, Y ) =
M
∑

k=1

CM(Xk
sim, Y ) (5.22)

where R(X, Y ) is the sum of cost between Xk
sim and Y . We call this matching a

inductive matching. Our final cost between X and Y is defined as

CT (X, Y ) = CM(X, Y ) +R(X, Y ) (5.23)

The most Nsim similar database images are retrieved by minimizing CT (X, Y ).

5.3 Experimental Results

In our experiments we used two publicly available datasets. Dataset 1 is the

MPEG-7 shape dataset [175] and Dataset 2 is the Articulated dataset [164]. Figure
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(a) Dataset 1 (b) Dataset 2

Fig. 5.2.: Sample shape images in our database

5.2 shows some sample images from our database. In the experiment the number

of contour points, N=200 is used for both datasets. Also, the number of neighbor

points at the lowest level for multiple SSAI descriptors, Nlowest=20 is used for both

datasets.

The MPEG-7 dataset consists of 1400 silhouette images with 70 types of objects,

each having 20 different shapes [175]. As shown in Figure 5.2a the images in this

datatset include many non-rigid deformations. To evaluate the performance of re-

trieval methods we used the “bull’s eyes score” [175]. For this score, each image is

used as an input image and we count how many images are correctly matched to the

input image within the top 40 rank images. We then compute the sum of the number

of correctly matched images for all the images in the dataset. This summation is

divided by 20 × 1400 to form the bull’s eyes score. A “perfect” bull’s eyes score is

100. For this dataset our method is compared with several other existing methods.

We set M = 9 and L = 8 where M is the number of images used for inductive

matching and L is the number of levels used for multiple SSAI descriptors. Table

5.1 shows the experimental results. Our method based on a single SSAI descriptor
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with ℓ = 1 and ℓ = 4 achieved 75.66 and 82.02 respectively, which are better than

many of the existing methods. This shows the shape images in this dataset can be

represented using SSAI descriptor and they can be recognized better using a single

SSAI descriptor at higher level. The use of multiple SSAI descriptors achieved 87.73,

which is better than several existing methods including IDSC [164], HPM [165] and

Shape tree [166]. This shows multiple SSAI descriptors give better accuracy to the

shape images that include non-rigid deformations. Multiple SSAI descriptors with

inductive matching achieved 90.60, which is more accurate than all other existing

methods except LP [174]. However, our inductive matching is much simpler than LP

because our method does not need to pre-compute the similarities between all pairs

of images or require a learning process.

The Articulated dataset consists of 40 silhouette images with 8 types of objects,

each having 5 different shapes. To evaluate the performance of retrieval methods we

show the number of top 1 to top 4 closest matches for the same object [164]. The best

possible result for the ranking is 40. For this dataset, M = 1 and L = 1 give the best

result. Table 5.2 show the experimental results. Our methods are more accurate than

all the existing methods. Note that M = 1 means that multiple SSAI is the same

as single SSAI at ℓ = 1. The reason why single SSAI is better than multiple SSAI

in this dataset is that this dataset includes several different object images that look

similar. As shown in Figure 5.2b, images in the first row are different objects from

images in the second row, but they look similar. The small differences between the

images in the first row and the second row cannot be distinguished by the smoothed

SSAI descriptors at higher level.

5.4 Conclusions and Future Work

We described a local affine invariant shape descriptor, SSAI, based on self simi-

larity of object shape that is invariant to affine transform. By using multiple SSAI

descriptors based on different set of neighbor points, we recognize object shapes more
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Table 5.1.: Bull’s Eye Score - MPEG-7 dataset

Method Score (%)

CSS [162] 75.44

SC [117] 76.51

Generative model [169] 80.03

An ordered BOF [171] 80.07

IDSC [164] 85.40

Symbolic Representation [126] 85.92

HPM [165] 86.35

Shape tree [166] 87.70

Self closed partial [160] 88.26

Metric partition constraint [163] 88.90

Contour flexibility [167] 89.31

LAI [125] 89.62

Height function + shape complexity [161] 90.35

LP [174] 91.00

Our Method (Single SSAI at ℓ=1) 75.66

Our Method (Single SSAI at ℓ=4) 82.02

Our Method (Multi SSAI) 87.73

Our Method (Multi SSAI + Inductive Matching) 90.60
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Table 5.2.: Retrieval result - Articulated dataset

Method Top 1 Top 2 Top 3 Top 4

SC [117] 20/40 10/40 11/40 5/40

IDSC [164] 40/40 34/40 35/40 27/40

Metric partition constraint [163] 39/40 32/40 18/40 16/40

LAI [125] 39/40 39/40 37/40 21/40

Our Method (Multi SSAI) 40/40 40/40 39/40 34/40

Our Method (Multi SSAI + Inductive Matching) 40/40 40/40 40/40 40/40
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accurately under non-rigid deformation. Our image matching combined with induc-

tive matching helps to recognize object shape more accurately. In this thesis we used

a fixed number of levels, M for multiple SSAI descriptors for all the input images,

but the best value of M that recognizes objects with the highest accuracy can be dif-

ferent depending on input image. For the future work, we will investigate the image

matching method to choose the best value of M adaptively. Also, we will improve

our inductive matching using more similarities between images.
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6. SYSTEM IMPLEMENTATION

6.1 Overall System

The goal of this system is to develop integrated mobile-based systems capable of

tattoo image analysis. This system will provide accurate and useful information to

the law enforcement officers based on a database of gang tattoo images in real time.

Using a mobile application of our system, a user can take a picture of tattoo and send

to an image analysis server. Then, the image will be analyzed and compared to the

other images in a database. The image analysis results will be sent back to a user,

and the user can see the results.

We implemented a tattoo image analysis system as an application for iPhone and

Android devices and as a web-based interface accessible from any web browser. Our

tattoo analysis system is a part of the GARI gang graffiti system [124, 176, 177].

Our tattoo image analysis system has the same features as GARI for graffiti image

analysis but uses different segmentation and image retrieval methods. Our tattoo

image analysis system is illustrated in Figure 6.1.

Fig. 6.1.: Overview of the Tattoo Image Analysis System
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6.2 Mobile Application

To enter the GARI system, a user must input his user ID and a unique password

assigned to each user on the login screen. It is depicted in Figure 6.2.

Fig. 6.2.: An Example of a Login

Once the User ID and password has been entered, the main screen is presented as

shown in Figure 6.3(a). After an image is captured or browsed, the secondary screen

(Figure 6.3(b)) is shown. These main screens include the following options:

• Browse Image

• Browse Database

• Capture Image
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• Send to Server (available after browsing or capturing an image)

• Settings

• About

We introduce the options related to tattoo images in more detail.

(a) (b)

Fig. 6.3.: User Options: (a) is the main screen and (b) is the secondary screen

6.2.1 Browse Image

The users can browse images they acquired and stored on the iPhone device. They

can upload the images to the server or analyze them later. The examples of this is

shown in Figure 6.4.

6.2.2 Browse Database

The menu option “Browse Database” allows the user to browse the graffiti and tat-

too database by radius, date and gang name. When a user clicks the button,“Browse
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Fig. 6.4.: An Example of Image Browsing

Database,” the user can choose one option from 4 different options as shown in Figure

6.5.

Browse Database by Radius

Using this option, a user can view all the images from the database within a given

radius from the current location. Examples of this are depicted in Figure 6.6. Since

most tattoo images do not have geolocation information, the browsed database results

by radius are graffiti images.

Browse Database by Date

Using this option, a user can view all the images from the database uploaded

within a time interval. The examples of this are shown in Figure 6.7. The browsed
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Fig. 6.5.: Four Different Options in Browse Database

(a) Radius Selection (b) Browsed Database Results

Fig. 6.6.: Examples of Browsing Database By Radius

database results show graffiti images as well as tattoo images uploaded between start

date and end date.
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(a) Start Date (b) End Date (c) Browsed Database Results

Fig. 6.7.: Examples of Browsing Database By Date

Browse Database by Gang Name

Using this option, a user can view all the images from the database that have the

gang name the user specifies. The examples of this are depicted in Figure 6.8. In the

example we choose the type of an image as tattoo and gang name as “2-1S”, so three

tattoo images related to the gang name are retrieved.

6.2.3 Capture Image

The user can take a picture of a tattoo image by clicking the button “Capture

Image.” Examples of this are shown in Figure 6.9. Note that the user’s current

location is also saved after acquiring an image.
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(a) Gang Name Selection (b) Browsed Database Results

Fig. 6.8.: Examples of Browsing Database By Gang Name

Fig. 6.9.: An Example of Image Capture

6.2.4 Send to Server

Our “Send to Server” option allows users to send the images they acquired to the

GARI server. Once the users send the images, the communication process is done as
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a background process, so the users can keep sending images without waiting for the

response from the server. The examples of this are depicted in Figure 6.10.

(a) A Form for Sending Image (b) Start to Send Image (C) Finish Sending Image

Fig. 6.10.: Examples of Sending Images to Server

6.2.5 Find Similar Images

The “Find Similar Images” option allows users to find images similar to the current

image displayed on the secondary screen. When a user clicks the “Find Similar

Images” button, the user can choose the type of an image between graffiti and tattoo.

Once the “tattoo” button is clicked, the image is sent to the server and analyzed

based on our tattoo image segmentation and tattoo image matching methods. When

the analysis is done, the server sends back a list of matching candidates. Note that

the matching candidates are sorted by the order of the most similar image. Examples

of this are shown in Figure 6.11.
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(a) Image Selection (b) Tattoo or Graffiti (c) The Number of

Similar Images

(d) Retrieved Images

Fig. 6.11.: Examples of Finding Similar Images

6.2.6 Setting

All authorized users can use the “Setting” option. This feature has various options.

• Server domain/IP : the address of the server can be changed by domain name

or IP address

• Switch user : another user can login while the application is running

• Change password : a user can change his login password while the application

is running

• Send crashlog : a user can send crash feedback to the developer using this option

Examples of this is shown in Fig. 6.12.

6.3 Web Interface System

Our system also supports a web interface. Since our system uses geolocation,

which is introduced with HTML5, our web interface can be used in any web browser

that supports HTML5. To enter the GARI system, a user must input his user ID
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Fig. 6.12.: An Example of the Setting Option

and a unique password assigned to each user on the login screen as same as mobile

version. It is depicted in Figure 6.13.

Fig. 6.13.: An Example of Login
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Once the User ID and password has been entered, the main menu is presented as

depicted in Figure 6.14.

Fig. 6.14.: Main Menu in Web Interface

This main menu includes the following options:

• Browse Database

• Browse Database by imageid

• Upload Image

• Upload multiple Image

• Create database report
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• User generator

• User removal

• Patch notes

Since “Browse Database” option is only related to tattoos, we will describe it in

more detail.

6.3.1 Browse Database

In the “Browse Database” a user can browse our tattoo database by date, first

responder ID, and gang name.

Browse Database by Date

To use this feature, a user should specify the time interval when tattoo image are

uploaded, captured, or modified. A user then can retrieve all the tattoo images of the

time interval by clicking a button, “tattoo”. An example of this is shown in Figure

6.15.

Browse Database by Gangname

Using this option, a user can retrieve all the images from the database that have

the same gang name chosen. An Example of this is shown in Figure 6.16.

Browse Database by First Responder ID

Using this option, a user can retrieve all the images from the our database that

the person of the given first responder ID took. The example of this is depicted in

Figure 6.17.
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Fig. 6.15.: An Example of Browse Database by Date

6.3.2 Find Similar Images

The “Find Similar Images” option allows a user to find similar images. In the list

of images from Browse Database, a user can click the button, “Find similar images”.

If the type of the image the user choose is a tattoo, then the most similar 20 images

are retrieved using our tattoo image matching method. An example of it is shown in

Figure 6.18.
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Fig. 6.16.: An Example of Browse Database by Gang Name
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Fig. 6.17.: An Example of Browse Database by First Responder ID
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Fig. 6.18.: An Example of Finding Similar Images
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7. CONCLUSIONS

7.1 Summary

In this thesis we first investigate a tattoo segmentation method that removes

background clutter from an image. We then introduce our tattoo image retrieval

system based on the proposed local and global image descriptors. We also improve

our previous image descriptor and image matching method for more accurate image

retrieval. We describe our submissions to the Tatt-C Tattoo Identification (TID)

and the Tatt-C Region of Interest (ROI). We propose our spatial pyramid alignment

technique for sparse coding based object classification. This technique is used on the

tattoo image dataset as well as public object recognition image datasets. Last, we

introduce a shape descriptor known as Self Similar Affine Invariant (SSAI) descriptor

for shape retrieval. The main contributions of this thesis are listed as follows:

• Efficient Graph-Cut Tattoo Segmentation

We propose a graph-cut tattoo segmentation method based on image edges,

a skin color model, and a visual saliency map to find skin pixels around tat-

too regions. The post processing, that detects the skin pixels around a tattoo

only from the graph-cut segmentation results, is then used. The method was

evaluated on datasets that were collected from the Indiana State Police, eviltat-

too.com [61], and NIST tattoo challenge dataset [13]. Experimental evaluation

demonstrates that our segmentation method can detect and segment tattoo

regions correctly even when a tattoo image includes background clutter.

• Efficient Graph-Cut Tattoo Segmentation with Body Boundary Removal

We propose body boundary removal (BBR) method to improve our previous

segmentation method. The previous method makes errors when tattoo regions
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are very close to the boundaries of human body. Thus, our BBR method fixes

the errors by removing the skin pixels on the boundaries of human body. Ex-

perimental results demonstrate that the segmentation errors of our previous

method are reduced using BBR.

• Tattoo Image Matching and Retrieval Based on Local Image Descriptor (MHLC

Descriptor) and Global Image Descriptor Robust to Image Deformations

We create new local and global shape descriptors robust to scale, translation,

rotation, and shape distortions for tattoo image retrieval. By using the scale

invariant feature transform (SIFT) with local shape context based on multiple

different sized-bin polar histograms (MH), more accurate image matching can be

obtained. A global shape descriptor based on MH and a 2D Fourier Transform

is also used for robustness of translation, scale, rotation and shape distortions.

We also describe robust similarity for local descriptors and a weighted matching

method based on local and global descriptors. Experimental results show that

our method outperforms several existing methods.

• Tattoo Image Matching and Retrieval Based on Modified MHLC Descriptor

(DMHLC Descriptor)

We introduce the improved MHLC descriptor, called as DMHLC descriptor.

Instead of using the spatial distribution of the SIFT features, the DMHLC de-

scriptor uses the spatial distribution of the densely sampled features on the

tattoo object to generate the multiple polar histograms. The multiple polar

histograms are combined with the SIFT descriptor to generate DMHLC de-

scriptor. Our experimental results show that our DMHLC descriptor improves

the image retrieval accuracy much more than our MHLC descriptor.

• Modified Inductive Matching

We introduce our modified inductive matching to improve the image retrieval

accuracy. By considering all the similarities between all the images in the
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database, the image retrieval accuracy is improved. The modified inductive

matching retrieves the most dissimilar M2 database images respect to an input

image first. Then, the mean of the image similarities between the M2 database

images and one database image is considered to compute the final image sim-

ilarity between the input image and the database image. Our experimental

results show that the modified inductive matching improves the image retrieval

accuracy more than the pairwise image similarity based on the image matching

of two images.

• The Our Submissions to NIST Tattoo Recognition Technology Challenge

For tattoo image retrieval on NIST Tattoo Identification (TID) dataset, the

tattoo image retrieval system based on the MHLC descriptor is introduced.

Experimental results show that our method outperforms the method of [4]. Our

method also outperforms five different methods reported in the NIST challenge

[11]. For tattoo image retrieval on NIST Region of Interest (ROI) dataset, we

also create another image descriptor based on local self similarity (LSS) [62]

and SIFT. We also propose a weighted distance similarity metric to retrieve the

most similar images from the test dataset. Experimental results demonstrate

that our method outperforms the method of [4]. Our method also outperforms

four different methods reported in the NIST challenge [11].

• Spatial Pyramid Alignment For Sparse Coding Based Object Classification

We propose a simple but efficient spatial pyramid alignment method that can

be combined with the existing sparse coding methods. By using max pooled

features, we estimate an object center and align the spatial pyramid accordingly.

We also propose an image representation descriptor robust to misalignment and

object deformations using max pooling on multiple image descriptors generated

by shifting the pyramid center in a pre-defined margin. We test the modified

center-aligned spatial pyramid with the sparse coding method on the tattoo

image dataset as well as public object recognition image datasets. Our experi-
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mental results show that our proposed spatial pyramid with the sparse coding

improve the image object classification accuracy more than the original spatial

pyramid with the same sparse coding.

• Shape Matching Using A Self Similar Affine Invariant Descriptor

We introduce a shape descriptor known as Self Similar Affine Invariant (SSAI)

descriptor for shape retrieval. The SSAI descriptor is based on the property

that two sets of points are transformed by an affine transform, then subsets

of each set of points are also related by the same affine transformation. Also,

the SSAI descriptor is insensitive to local shape distortions. We use multiple

SSAI descriptors based on different sets of neighbor points to improve shape

recognition accuracy. We also describe an efficient image matching method for

the multiple SSAI descriptors. Experimental results show that our approach

achieves very good performance on two publicly available shape datasets.

7.2 Future Work

Our methods can be improved and extended in the following ways:

• Tattoo Segmentation

We reviewed current tattoo segmentation and localization techniques and pre-

sented a tattoo segmentation based on image edges, a skin color model, a visual

saliency map, and body boundary removal. Our method still makes segmen-

tation errors when there are hair regions with strong edges inside a body. In

future, we plan to improve the post processing in our segmentation by finding

the region whose shape looks like a tattoo.

• Tattoo Image Retrieval based on Image Matching

We reviewed the major techniques to the tattoo image retrieval and described

several different tattoo image retrieval systems based on three new local image

descriptors (MHLC descriptor, DMHLC descriptor and LSS+SIFT descriptor)
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and one global image descriptor. We also described the modified inductive

matching and the weighted distance image similarity (WDS) to improve the

image retrieval accuracy. Currently our image retrieval speed is slow because

an input image should be compared with all the images in the database to

retrieve the most similar N images. In future, we plan to investigate the methods

to make our retrieval process fast by using tree structures for retrieval process.

Also, deep neural network learning based image retrieval method will be consider

to improve the image retrieval accuracy.

• Tattoo Image Classification Based On Sparse Coding

We reviewed the existing sparse coding with spatial pyramid methods for object

classification and presented the spatial pyramid alignment method that can be

combined with any sparse coding method. This method achieved good classifi-

cation accuracies even when there are the object shape distortion and an image

translation. However, our spatial pyramid alignment method does not work well

when there are lots of background clutters in an image. For the future work,

we will investigate the method to estimate an object center correctly even when

there is background clutter.

7.3 Publications Resulting From Our Work

Journal Papers

1. J. Kim and E. J. Delp, “Tattoo Image Retrieval Based On Robust Tattoo

Image Matching”, To be submitted to the IEEE Transactions on Information

Forensics and Security.

2. J. Kim, K. Tahboub, and E. J. Delp, “Shape Matching and Retrieval Using a

Self Similar Affine Invariant Descriptor”, To be submitted to the IEEE Signal

Processing Letters.

Conference Papers
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1. J. Kim, K. Tahboub, and E. J. Delp, “Spatial Pyramid Alignment For Sparse

Coding Based Object Classification”, to appear Proceedings of the IEEE Inter-

national Conference on Image Processing, Beijing, China.

2. J. Kim, H. Li, J. Yue, and E. J. Delp, “Shape Matching Using a Self Similar

Affine Invariant Descriptor”, Proceedings of the IEEE International Conference

on Image Processing, pp. 2470-2474, September, 2016, Phoenix, AZ.

3. J. Kim, H. Li, J. Yue, J. Ribera, L. Huffman, and E. J. Delp, “Automatic and

Manual Tattoo Localization”, Proceedings of the IEEE International Conference

on Technologies for Homeland Security, pp. 1-6, May 2016, Waltham, MA.

4. J. Kim, H. Li, J. Yue, and E. J. Delp, “Tattoo Image Retrieval for Region

of Interest”, Proceedings of the IEEE International Conference on Technologies

for Homeland Security, pp. 1-6, May 2016, Waltham, MA.

5. J. Kim, A. Parra, J. Yue, H. Li, and E. J. Delp, “Robust Local and Global

Shape Context for Tattoo Image Matching”, Proceedings of the IEEE Interna-

tional Conference on Image Processing, pp. 2194-2198, October 2015, Quebec,
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6. J. Kim, A. Parra, H. Li, and E. J. Delp, “Efficient Graph-Cut Tattoo Seg-

mentation”, Proceedings of the SPIE/IS&T Conference on Visual Information

Processing and Communication VI, pp. 94100H-1-8, February 2015, San Fran-

cisco, CA.

7. A. Parra , B. Zhao, J. Kim, and E. J. Delp, “Recognition, Segmentation and

Retrieval of Gang Graffiti Images on a Mobile Device”, Proceedings of the IEEE

International Conference on Technologies for Homeland Security, pp. 178-183,
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