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Abstract

Identification of cartridge is very essential in the field of forensics,
military or people who collect ammunitions. The cartridges can be
identified by their headstamps.

This thesis presents work on identification and matching of cartridge
headstamp from the image. The Libor Masek’s open source iris recog-
nition algorithm is considered for the identification of cartridge pattern
from the image.

The dataset is devoleped with the cartridge headstamp patterns and
matching of cartridge headstamp patterns is implemented. For match-
ing of the cartridge pattern the Hamming distance is considered as the
metric to differentiate interclass and intraclass comparisons. Variance
is used as a criteria to discard the unwanted areas of the cartridge
headstamp pattern.

Four distinct cartridge headstamp patterns are considered. Three car-
tridges of each headstamp pattern are considered for intra class com-
parisons. The validation of the method is performed.

Keywords: Cartridge headstamp, Cartridge headstamp matching,
Cartridge pattern recognition, Iris recognition.
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Chapter 1

Introduction

In forensics, the cartridge case is used as an important clue to identify gun used to
fire the bullet in this cartridge [1]. The marks on the cartridge case are analyzed
to identify the kind of firearm that was used to shoot the bullet [1].

The structure of the cartridge with bullet is shown in figure 1.1.

( Bullet

Bullet
Case

Propellant —

Rim

Primer

The
Modern Bullet f’
Cartridge o/

®2001 HowSwifWorks

Figure 1.1: Parts of a cartridge

The headstamp is one of the important part of the cartridge that can give
information about the manufacturer of the cartridge.

1.1 Cartridge Headstamp

A cartridge headstamp is shown in figure 1.2.
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Figure 1.2: Headstamp of a cartridge

The information on headstamp can be used to identify the manufacturer of
cartridge. This information can be found between two circles of the cartridge
headstamp as shown in figure 1.2. The inner circle represents the boundary of
the primer which is shown in the figure 1.1. The outer circle represents the
boundary of the rim as shown in figure 1.1. Since a single manufacturer can
create various headstamps, automatic identification and matching can be used to
lessen the effort.

1.2 Iris Recognition

Iris recognition is one of the biometric systems widely used for unique identifica-
tion of the individual [2]|. Iris pattern is used as a metric to uniquely identify an
individual among different individuals. Iris recognition as the name suggests is
recognition of the iris from eye image.

Conjunctiva
(lines eyelids and
surface of eye)

© Healthwise, Incorporated

Figure 1.3: Basic parts of the eye

Figure 1.3 shows basic parts of the human eye that are iris, pupil and sclera.
In the iris recognition outer boundary of iris is considered to be a boundary be-
tween sclera and iris and inner boundary is the boundary between iris and pupil.
The sclera/iris boundary can be identified first. Then the pupil /iris boundary can
be identified within the identified iris/sclera boundary [2]. In [3] the pupil/iris
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boundary is detected first then the iris/sclera boundary is identified . The oc-
clusion of the eyelids and eyelashes is done inside the detected boundaries to get
the iris pattern of the individual’s eye which is then used for identification or
matching of the individual’s identity [4].

© planetbiometrics.com

Figure 1.4: Detected boundaries of an iris shown by two circles

The figure 1.4 shows the identified outer and inner boundaries of the iris from
the eye image.

1.3 Iris Recognition on Headstamp Identification

The structure of the cartridge headstamp is considered to be similar to structure
of the eye in this thesis. The iris is present in between pupil and sclera in the image
of the eye as shown in figure 1.3, the pattern of cartridge is present between inner
circle i.e., the boundary of primer and outer circle i.e., the boundary of cartridge
rim which is shown in figure 1.1.

Thus in this thesis the iris recognition algorithm is proposed to be used to
identify the cartridge pattern. Iris recognition in the first stage recognizes the
outer circle i.e., the boundary of cartridge rim from the rest of the image. Then
the inner circle i.e., the boundary of primer is detected within the outer circle.
The isolation of the detected region gives cartridge pattern.

1.4 Objective

The objective of this work is to identify the cartridge headstamp pattern us-
ing the iris recognition algorithm, to create a system that performs matching of
the cartridge headstamp pattern and to optimize the matching of the cartridge
headstamp pattern. For evaluation four patterns of cartridge cases and three
cartridges of each pattern are considered.

The database of backstamps of cartridge is created by taking the images using
Nikon D5300 camera. For the illumination of the experimental setup equivalent
to 60W light bulb was used. The backstamp is photographed on the black back-
ground by placing the cartridge into a black box.
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Related Work

The research work on automatic identification of cartridge cases has been found
to be limited [5]. Research papers on automatic identification of cartridge cases
and storing in databases are as follows. In [1] the cartridge identification system
is created using firing pin mark. The identification system is used to identify the
firearm. In [5] fire arm identification using Kohonen SOFM algorithm is consid-
ered. In |6] automatic cartridge case image mosaic is performed using SIFT which
extracts feature points, define descriptors. GMT is applied in next step to reduce
incorrect matches. Image fusion is used to obtain resultant image which has more
information than original registered image. Thus a more informative image can
be stored for computer aided processing. In [7] center-fire and breech face marks
are considered for cartridge case head. The identified marks is used to find the
gun used. In [8| the rotation invariant feature of cartridge case’s primer image
is used for identification of the gun used. In [9] how the optical and photonic
techniques can be used to identify firearms from the cartridge images and how to
maintain cloud databases of cartridge images is explained. Although there are re-
search works in the identification of cartridge case, none of the works correspond
to identification of cartridge by headstamp or identification of manufacturer of
the cartridge. Thus the proposed work contributes towards new field for auto-
matic identification of manufacturer of the cartridge case through headstamp.

There are many iris recognition systems proposed from early 2000. John Daug-
man’s approach towards iris recognition is considered most effective approach [2].
The Daugman’s approach is patented and rights are owned by Iridian technol-
ogy. Daugman’s algorithm uses integro differential operator for iris segmentation,
2-Dimensional Gabor filters for encoding of the normalized iris pattern into tem-
plates and Hamming distance for matching of iris templates.

Wilde’s [10] approach uses binary edge map with hough transform for segmen-
tation, laplacian of gaussian filter at multiple scales for production of template

and normalized correlation for matching of iris templates.

In Ma’s [11] approach edge detection and hough transform are used for seg-
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mentation, circular symmetric filter for feature extraction and improved nearest
feature line method is used for matching of the iris templates.

In Bole’s [12| approach edge detection is used for segmentation, dyadic wavelet
transform is used for extraction of information, zero crossings are used for match-
ing of the iris templates.

Masek’s approach creates the open source code for the implementation of iris
recognition algorithm [4]. It uses modified canny edge detection followed by cir-
cular Hough transform for segmentation of iris, 1-dimensional log-Gabor filters
for encoding of the normalized iris pattern into templates and hamming distance
for the matching of the templates.

Many further modifications are applied to Daugmans approach to increase the
accuracy of the detection. In [13] thresholding and morphological operators are
utilized to obtain initial estimation of pupil location. Rest of the stages are identi-
cal to Daugman’s approach . In [3| gray histogram of original image is considered
to estimate the center coordinates which is used to find the inner boundary of
the iris and then the outer boundary of the iris.

In [14] improvement of Libor Masek code is presented. The detection order
is reversed for pupil and iris. The pupil is detected initially and then the iris is
detected.

In [15] presents comparision of 3 algorithms cambridge, Sagem-Iridian and
Iritech. In [16] presents comparision of Daugman’s and Wilde's approach. In
[17] presents the collection of the various iris recognition algorithms and their
corresponding stages.

In [18] 2-dimensional Gabor filters are used instead of 1-dimensional log-Gabor
filters to show that the detection accuracy increases as the filters are increased.
[18] used OSIRIS which uses 2-dimesional gabor filters and compared with the
IRISBEE i.e, Libor Masek’s code implementation in C.
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Method

The iris recognition employed for the thesis is adapted Libor Masek’s implemen-
tation of iris recognition system [4]. Libor Masek’s algorithm is considered since
it is an open source algorithm and reproducibility of the results is possible.

The Libor Masek’s algorithm is divided into following parts. They are

e Segmentation
e Normalisation
e Feature Encoding

e Feature Matching

In the subsections 3.1 to 3.4 the parts of the algorithm and its adaptation are
described.

3.1 Segmentation

In segmentation stage the iris part of the image is isolated from the rest of the
eye image. Circular Hough transform is used to identify the iris and pupil of the
eye from the image. Hough transform is a computer vision algorithm used to
recognize the specific geometric pattern of data such as lines, circles and ellipses.
Authors [19] present the number of ways the Hough transform is used.

Initially an edge map is constructed with calculating the first derivative in-
tensity values of pixels in the image. Modified version of the Kovesi’s Canny edge
detection Matlab function is used for weighting of gradients to construct the edge
map. Gradients for outer iris/sclera boundary are as mentioned in Wildes et al.
and for inner iris/pupil boundary are weighted equally. After calculating the edge
map, the votes are cast in the Hough space for the circles passing through each
edge point depending on the z. and y. and r defined by

2+’ =1t (3.1)

Here z. and y,. are x-coordinate and y-coordinate and r is the radius of the circle.
Thus the circular Hough transform is used to detect the boundaries of the iris and
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pupil. The iris/sclera boundary is identified first then the iris/pupil boundary is
identified later.

Eyelids are removed from the identified iris by fitting two lines for lower and
upper eyelid with the linear Hough transform. As the cartridge headstamp does
not require occlusion of eyelids, the corresponding step in Masek’s algortihm is
not used.

3.2 Normalization

In normalization stage Masek’s algorithm uses a method based on the Daugman’s
rubber sheet model [2| to convert polar coordinates into rectangular coordinates.
A number of information points are selected along radial and angular direction in
the segmented iris region which are termed as radial R, and angular R, resolution
respectively. A remapping formula is considered since the pupil and iris need not
be concentric. The remapping formula adjusts the points depending on the angle
6 in the iris region according to [4]

r'=+vaB+\/af?—a—1r? (3.2)

_ 2 2
a = 0, + 0,

where

and
[ = cos|[m — arctan|o,/o,] — 0].

Here o, and o, are displacement of center of pupil relative to center of the iris in
x and y directions in pixels found by subtracting x coordinates and y coordinates
respectively, r; is the radius of the iris found by circular Hough transform, r’ is
the distance from edge of the pupil to edge of iris,  is the angular direction which
are shown in figure 3.1a.

The iris pattern normalized into rectangular coordinates for R, = 10 and R,
= 40 is shown in the figure 3.1b.
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10 pixels
= iz

A0 pixels R.

(b) Normalization of iris region for
radial resolution R, = 10 and an-
gular resolution R, — 40

£LiborMasek

(a) 0g, 0y, 1’, O for the detected iris
region

Figure 3.1: Normalization procedure

3.3 Feature Encoding

In feature encoding stage 2-dimensional normalized pattern is converted into a
template of binary bits. Initially 2-dimensional normalized pattern is converted
to 1-dimensional pattern and convolved with 1-dimensional log-Gabor filters. Fre-
quency response of log-Gabor filter [4] is

o gl /)
G(P) = el resasl) (33)

where o is the standard deviation, f; is the center frequency of the filter.

The filter parameters bandwidth o/ fy, center wavelength A, number of log-
Gabor filters N are chosen to optimize inter class and intra class separation using
decidability through experimentation [4]. The output obtained after convolving
1-dimensional normalized pattern with 1-dimensional log-Gabor filter is phase
quantized into four levels according to Daugman’s method |2]|. The levels are
shown in the figure 3.2.
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Phase-Quadrant Demodulation Code

Im

[1,1]

[0,0] | [1,0]

Elohn
Daugman

Figure 3.2: Phase quantization into 4 levels according to Daugman’s method
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(b) Example of noise mask

Figure 3.3: Encoding procedure

The output of feature encoding step is information template and the corre-
sponding noise mask. The information template contains the phase quantized
information shown in figure 3.3a. The noise mask contains values 1 or 0 shown in
figure 3.3b. The mask states the validity of the bits of corresponding template.
For example if the bit in the template was generated based on the eyelash or eye-
lid, the corresponding bit in the noise mask is marked 1. The noise mask is used
to make effective comparison between two templates which is explained in sec-
tion 3.4. Each information point in the segmented iris region gives two bits in the
phase quantized output. Thus the size of the template is R, x (R,x2xnumber
of filters) where number of filters is given as a parameter for the encoding step in
Masek’s algorithm to change the number of log-Gabor filters utilized for feature
encoding.



Chapter 3. Method 10

3.4 Feature Matching

In feature matching the Hamming distance (HD) is considered as a metric to

compare two templates. The templates are compared with the corresponding

noise masks. The noise mask contains two values 0 and 1, where 0 refers to

a significant bit in the corresponding template and 1 refers to a noise bit in

the corresponding template. The noise bits in the template are discarded from

comparison of the templates. The Hamming distance formula is estimated as [4]
N

1
= - X;(XOR)Y;(AND)Xn/,(AND)Yn/,,
N — Zk:l Xnk(OR)Ynk

HD (3.4)

J
j=1

where X; and Y are bits in two templates, Xn; and Yn; are bits in corre-
sponding noise masks, N is the number of bits in the template.

In feature matching we implemented shifting of all the bits in the template
to find the minimum HD as the cartridge headstamp can have rotational incon-
sistency. The shifting of bits to left is implemented by removing the first two
columns in the information template, noise mask in figure 3.3 and joining it after
the last column in the information template, noise mask. The shifting of bits
to right is implemented by removing the last two columns in the information
template, noise mask in figure 3.3 and joining it before the first column in the
information template, noise mask. The two columns are shifted since each in-
formation point in the normalized image gives two bits as the phase quantized
output.

3.5 Evaluation

For the evaluation of the proposed method 4 patterns are considered. In each
pattern 3 shells are considered which correspond to intra class comparison. For
the dataset Tom Fawcett’s method [20] is applied to find the threshold to separate
intra class from inter class with high confidence.

A confusion matrix including true positive rate and false positive rate is cal-
culated as shown in figure 3.4.
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True class
P n
Y True Falsze
Positives Positives
class
N False True
Negatives | Negatives
© Tom Fawcett

Figure 3.4: Classification of the instances

where Y,N represent actual class and predicted class. If instance is positive
and is classified as positive then it is a true positive. If instance is negative and
classified as negative then it is true negative. If instance is positive and classified
as negative it is a false positive. If instance is negative and classified as positive
it is a false negative.

The true positive rate is given as

Positives correctly classified

T 11 te = 3.5
e posttioe Tate Total positives (35)
The false positive rate is given as
Negatives incorrectly classified
False positive rate = J Y / (3.6)

Total negatives

The classification between intra class and inter class can be considered as a
binary classification with threshold. The Hamming distances are obtained from
the images of 12 headstamps. The Hamming distances are calculated between
each image of the headstamp and every other image of the same and different
headstamps. The suitable threshold denoted in this thesis by z to classify intra
class and inter class is obtained by considering the range of thresholds. Then
the True Positive Rate (TPR) and False Positive Rate (FPR) are calculated.
The TPR and FPR give the coordinates of a point in the reciever operating
characteristics (ROC) graph.

In biometrics context the equivalent terms for true positive, false positive,
true negative and false negative are correct accept, false accept, correct reject
and false reject respectively [21]. The point where the probability of the false
accept is equal to probability of false reject is known as equal error rate (EER)
[22|. False reject is also known as type I error. The equation for probability of
false reject is shown in equation 3.7.

Number of false rejects

Probability of false reject = (3.7)

Total number of identifications
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False accept is also known as type II error. The equation for probability of false
accept is shown in equation 3.8.

Number of false accepts (3.5)

Probabilit [ t =
robability of false accep Total number of identifications

The threshold with EER is considered as the optimal threshold to classify inter
class and intra class. In Matlab, roc() function is used for this purpose.

3.5.1 Dataset Optimization

To obtain the optimized Hamming distance separation of intra class and inter
class, the log-Gabor filter parameters for the generation of iris template has to
be optimized. It is done by considering the decidability (d’) according to [4], [18]

|:U’s - Nd|
g — ﬁ (3.9)
os+oy
2

where pi4 is intra class mean g4 is inter class mean and o, and o4 are intra class
and inter class standard deviation respectively. mean is calculated using Matlab
function mean(). Standard deviation is calculated using Matlab function std().
The greater is the decidability the greater is the HD difference between intra class
and inter class Hamming distances.

3.5.2 Variance Estimation

The normalized iris image contains information at every angular resolution while
the normalized headstamp image contains angular resolutions without informa-
tion about the headstamp see figure 5.2. To remove the rows without information
variance is considered as metric. Variance refers to the spread of random num-
bers around the mean. Low variance suggests that spread is smaller which can
correspond to random noise instead of information. The variance o7 (i) of every
row i in the obtained normalized image of the iris was estimated see figure 3.1. A
lower limit T is considered for the variance, If a row in the iris image or (i) below
the threshold T then the bits in the corresponding row i of the noise mask for
the same iris are set to one. Thus the rows in iris image with variance op below
certain threshold T will be excluded from calculation of Hamming distance and
template matching. The threshold T selection is discussed in section 6. Thus the
changes due to variance are studied in the optimization of the template matching.
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Experiment

The dataset for the headstamps of cartridge was collected by performing the ex-
perimental setup. We used Nikon D5300 for photographing the headstamps of
cartridge. The illumination was provided by 60 Watt equivalent 9 Watt LED. We
constructed a black box structure that isolates reflections and outside illumina-
tion. The camera parameters were set as shutter speed 1/125th of second, ISO of
100 and aperture of 5.5. The ISO was set to lowest to remove the noise seeping
in as information. The aperture was set to maximum to keep the headstamp in
focus and rest of the background out of focus. The shutter speed was adjusted
to keep the illumination on the headstamp neither too high nor too low for the
set ISO and set aperture. The zoom lens of 55mm was used. The experimental
setup top view is shown in the figure 4.1.

The three equipments of experiment i.e., bulb, camera, black box are placed
depending on the following criteria. The cartridge headstamp which is to be
photographed in the box, the camera and the bulb should be aligned vertically
where the vertical axis is shown in the figure 4.1.

13
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Horizontal axis

Figure 4.1: Top view of experimental setup

The experimental setup from side view is shown in the figure 4.2 .

14
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Figure 4.2: Side view of experimental setup

The distance d shown in figure 4.2 was adjusted such that the camera did
not cast a shadow on the cartridge headstamp, and cartridge headstamp should
have uniform illumination. The bulb was adjusted such that the illumination is
uniform on the headstamp. The bulb was also adjusted such that there is no
shadow of the cartridge sideways. We can see from the figure 4.3 the reflection
of the headstamp is present exactly below the cartridge headstamp. Thus the
headstamp image was cropped manually to leave out the reflections and shadow
of the cartridge in any direction see figure 4.4.

The headstamp images were taken using Adobe Lightroom using tethered
capture function. All the headstamp images were photographed by keeping the
distance between camera and headstamp constant. The obtained image is shown
in the figure 4.3. The size of the uncropped image is 5436 KB. The resolution of
the uncropped image is 6000*4000 pixels.
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Figure 4.3: Uncropped image of cartridge headstamp

The example of cropped image is shown in figure 4.4

Figure 4.4: Cropped image of cartridge headstamp from figure 4.3

The example of cropped image has resolution 1027*1079 pixels and size of 175
KB. Four distinct headstamp patterns are considered. They are shown in figure
4.5.
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(c) Pattern 3 (d) Pattern 4

Figure 4.5: Four types of cartridge headstamp patterns used in this work

The diameters of shells approximately in millimeters are stated in table 4.1.

Headstamp patterns Pattern 1 | Pattern 2 | Pattern 3 | Pattern 4

Diameter of shells
approximately in millimeters

21 21 11 9

Table 4.1: Diameter of shells in millimeters

Although any two cartridge headstamps with different diameters of cartridges
can be distinguished from one another, such a case was not considered here since
all the cartridge headstamps were encoded to a template as described in section
3.3.
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4.1 Misaligned Headstamps

The plane of cartridge headstamp was misaligned with respect to image plane to
study the identification of misaligned headstamps by the considered iris recogni-
tion algorithm. The misaligned images are shown in figure 4.6.

(b) Headstamp misaligned left with
(a) Headstamp misaligned right respect to image plane
with respect to image plane

(d) Headstamp misaligned down
with respect to image plane

(c¢) Headstamp misaligned up with
respect to image plane

Figure 4.6: Image of the cartridge headstamp misaligned relative to camera image

Sensor

Thus the test image database comprised of 3 cartridge cases of every head-
stamp pattern shown in figure 4.5 was acquired consisting of 12 headstamp images.



Chapter 5

Results

The Libor Masek’s algorithm requires the range in pixels to identify the pupil and
iris boundaries. That range of pixels can be specified using two methods. They
are

e By giving the ranges of iris/sclera boundary and pupil/iris boundary by
using imdistline command in Matlab for each different size of cartridge
headstamp.

e By giving the maximum and minimum range for the iris/sclera boundary
to search for, the corresponding pupil/iris boundary is found from r/2 to
r/1.4 where 1 is the identified radius of the iris/sclera circular boundary by
the Libor Masek’s algorithm.

The maximum and minimum range for iris/sclera boundary in pixels is [180,490]

for the considered dataset. The values to identify individual patterns are present

in the appendix table A.1. One image for each pattern is shown in figure 4.5
The outputs after the segmentation stage are presented in figure 5.1.
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(c) Pattern 3 (d) Pattern 4

Figure 5.1: Cropped images of each cartridge headstamp pattern after segmenta-
tion of the images in figure 4.5

The detected circles are shown in the figure 5.1 with white circles. The Masek’s
algorithm was able to isolate the cartridge’s outer boundary from the rest of the
image and also the inner circle which isolates primer and rest of the cartridge
headstamp. The points required for the normalization stage on the image de-
scribed in section 3.2 are shown in the figure 5.2.
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(b) Pattern 2

(c) Pattern 3 (d) Pattern 4

Figure 5.2: The mesh of points between two white circles required for normaliza-
tion of the pattern

We considered the angular and radial resolution as R, = 240 and R, = 20
respectively i.e., 240 points for each circular ring and 20 circular rings in total.
From the figure 5.2, we notice that the headstamp pattern is contained by the
considered points. The headstamp images are photographed by considering the
distance between camera and shell as constant and the diameters of shells are in
decreasing order as shown in table 4.1. As the diameter decreases, the angular and
radial points are distributed over smaller number of pixels of the image thereby
increasing the density of the mesh in figure 5.2¢ and 5.2d when compared to the
density of the mesh in figure 5.2a and 5.2b. The output of the normalization is
given in figure 5.3.
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(a) Pattern 1 ) Pattern 2
(c) Pattern 3 (d) Pattern 4

Figure 5.3: Normalized cartridge headstamp patterns

We can notice from the figure 5.3 that the information part of the headstamp
is isolated successfully from the rest of the image. The isolation of information
was successful for the rest of the images that are not shown here. Thus the Libor
Masek’s algorithm can be used to successfully isolate the cartridge headstamp
information from the rest of the image. In the feature encoding stage the images
in the figure 5.3 were converted into a bit-wise templates with the corresponding
noise masks.
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5.1 Results Of The Misaligned Cartridge Head-
stamps

The misaligned cartridge headstamps are shown in the figure 4.6. The corre-
sponding outputs after segmentation of these headstamps are shown in figure
5.4.

o (d) Headstamp misaligned down
(c¢) Headstamp misaligned up

Figure 5.4: Cropped image of cartridge headstamp misaligned left, right, up and
down with respect to image plane after segmentation

circles, it could not compensate for the misalignment changes of the cartridge
headstamp resulting in inaccurate segmentation. The corresponding outputs for
the normalization stage are shown in figure 5.5.
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(b) Headstamp misaligned left

o (d) Headstamp misaligned down
(c¢) Headstamp misaligned up

Figure 5.5: Normalization mesh of points overlaid on cartridge headstamp mis-
aligned left, right, up and down with respect to image plane

The points considered are 20 in radial direction and 240 in angular direction.
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The outputs after the normalization stage are shown in figure

(a) Headstamp

misaligned right (b) Headstamp misaligned left
£ Bl W =

(c¢) Headstamp misaligned up (d) Headstamp misaligned down

Figure 5.6: Normalized image of the cartridge headstamp from figure 5.5

We notice from the figure 5.6 that due to misalignment, the information of
the headstamp is not completely isolated in all the misaligned images.
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Discussion

For the validation of the obtained results, 3 cartridge headstamps of each head-
stamp pattern were considered. For 4 patterns there are 12 headstamp’s images
in total. The intra class and inter class Hamming distances were calculated for
the 12 headstamp images.

The encoding of template in the feature encoding section 3.3 depends on the
center wavelength A and filter bandwidth o/f, . Hence they were optimized for
the test database to give the optimized separation between inter class and intra
class using decidability equation 3.9 . The calculation of decidability d’ was done
by considering the distinct inter class and intra class comparisons.

oA =02
55

1]
=03
o =0.5
oA =0.75

4.5

Decidahility, d

3.5

3r 2" -
»/;
250 r s i
o
- //
A 4
15 1 1 L ] ] 1 1 1 1
5 3 7 B8 9 10 11 12 13 14 15

Center wavelength, A

Figure 6.1: The change of decidability for different filter bandwidths and center
wavelength
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The change in decidability d’ for the database with respect to center wave-
length A, filter bandwidth o/ fy is shown in figure 6.1. The maximum d’ is ob-
tained at A = 14 for o/fy = 0.3. The complete tables that show change of d’
for different o/ fy and different A\ are included in the appendix. The table 6.1
presents the decidabilty d’ for o/fy = 0.3

N s o Hd of d’ A
1 | 0.3856 | 0.0210 | 0.4679 | 0.0060 | 5.3233 | 10
1 | 0.3820 | 0.0213 | 0.4666 | 0.0064 | 5.3878 | 11
1 ] 0.3785 | 0.0210 | 0.4651 | 0.0066 | 5.5528 | 12
1
1
1

0.3750 | 0.0218 | 0.4636 | 0.0068 | 5.4883 | 13
0.3718 | 0.0218 | 0.4625 | 0.0071 | 5.5964 | 14
0.3689 | 0.0222 | 0.4615 | 0.0078 | 5.5810 | 15

Table 6.1: Decidability d’ for bandwidth — 0.3

where N is number of Gabor filters, u, is intra class mean, o, is intra class
standard deviation, pg4 is inter class mean, oy is inter class standard deviation, d’
is decidability, A is the center wavelength. The table 6.2 presents the decidabilty
d’ for o/ fo = 0.2.

N Hs Os Ha 0d d’ A
1103754 | 0.0217 | 0.4652 | 0.0069 | 5.5795 | 10
1103722 | 0.0222 | 0.4639 | 0.0074 | 5.5384 | 11
1
1
1
1

0.3695 | 0.0223 | 0.4624 | 0.0081 | 5.5468 | 12
0.3664 | 0.0226 | 0.4611 | 0.0085 | 5.4515 | 13
0.3636 | 0.0232 | 0.4598 | 0.0092 | 5.4548 | 14
0.3613 | 0.0235 | 0.4588 | 0.0097 | 5.4250 | 15

Table 6.2: Decidability d’ for bandwidth = 0.2

We notice from the figure 6.1 that as the o/ fj is decreased the d’ is increased
until o/ fy =0.3. By observing the decidability d’ for o/f; = 0.2 and o/ fy = 0.3,
the maximum d’ is found for o/fy = 0.3 for A = 14 for the considered data set.

The change in d’ for the database with respect to number of filters N is shown
in table 6.3.
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N s o Hd o d’ A
1 103718 | 0.0218 | 0.4625 | 0.0071 | 5.5964 | 14
2
3

0.3718 | 0.0218 | 0.4625 | 0.0071 | 5.5964 | 14
0.3718 | 0.0218 | 0.4625 | 0.0071 | 5.5964 | 14

Table 6.3: Decidability d’ for different number N of filters

We notice from table 6.3 that there is no influence of N on the decidability.
Hence the number of filters is choosen as 1.

With the obtained optimized filter parameters, the ROC calculations are per-
formed as mentioned in the section 3.5. We compared each image’s headstamp
template with every other generated headstamp template as mentioned in the
section 3.5, the inter class and intra class comparisons were sorted which made
24 intra class comparisons and 108 inter class comparisons for the test dataset.
ROC function in Matlab was used to calculate the ROC charecteristics. ROC
function applies values of thresholds 7z within [0,1] interval and calculates corre-
sponding True Positive Rate (TPR) and False Positive Rate (FPR). The TPR
and FPR for each threshold z gives two coordinates for point z in ROC graph.
The obtained ROC graph obtained is shown in figure 6.2.
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Figure 6.2: ROC for different thresholds z
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The x-label represents FPR and y-label represents TPR. The three thresholds
7z are shown in the figure 6.2 with the z-label. The zoomed image of figure 6.2
shown in figure 6.3. The classification at threshold z = 0.4062 is perfect since
the TPR = 1 which states that all positives are correctly classified hence false
negatives is equal to 0. For the threshold z = 0.4062 FPR = 0 which states that
all negatives are correctly classified. Therefore for z = 0.4062 the EER = 0 since
there are no false accepts and no false rejects. As z is decreased to 0.3996, the
FPR is increased to 0.0833. As the threshold is increased to 0.4471, the TPR is
decreased to 0.9815 . Thus the threshold z to classify the inter class and intra
class was chosen as 0.4062.
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Figure 6.3: Zoomed image of ROC with the thresholds z

The inter class and intra class Hamming distance distribution is shown in
figure 6.4.
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35
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Figure 6.4: Hamming distance distribution vs the intra class and inter class com-
parisons (density)

The Hamming distance (HD) between two distinct templates theoretically
should be 0.5 and HD between two same templates should be 0 [4]. In practice
HD of two distinct templates is close to (0.5 while the HD between two templates
of the same class should be far from 0.5 This is because the accuracy of template
matching depends on the encoding process where the utilized log-Gabor filters
define the HD estimation. From the figure 6.4 we can conclude that the head-
stamp pattern identified by the iris detection algorithm can be matched with the
template with same headstamp pattern, since the HD values for the intra class
comparison are distinct or separated completely from the inter class comparison
HD. This results in the classification of template to intra class and inter class
with high confidence.
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6.1 Discussion of the Variance Estimation

Changes due to thresholding of the variance o for row i are also considered to
improve the classification of intra and inter class as mentioned in section 3.5.2.
The lower threshold T for variance or and the corresponding changes in the

decidability d” are mentioned in the table 6.4.

Hs Os Hd 04 d’

0 | 0.3718 | 0.0213 | 0.4625 | 0.0070 | 5.7126
50 | 0.3718 | 0.0213 | 0.4625 | 0.0070 | 5.7126
100 | 0.3645 | 0.0218 | 0.4612 | 0.0076 | 5.9178
150 | 0.3464 | 0.0245 | 0.4552 | 0.0094 | 5.8681

Table 6.4: Decidability d’ for different variance o7 thresholds T

From the table 6.4 we notice that the d’ is maximum for the T — 100. The
results when the rows in the template with variance or(i) < 100 are masked as

noise are shown in the figures 6.5 and 6.6.
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Figure 6.5: ROC for the thresholds z for variance threshold T = 100

We notice that the threshold z to classify has decreased from 0.4062 in figure
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6.2 to 0.403 in the figure 6.5.

40 T T T T T T T T
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Figure 6.6: Hamming distance distribution vs the intra class and inter class com-
parisons (density) for variance threshold T = 100

We can notice from the figure 6.4 that maximum inter class comparisons are
smaller than 35 and from the figure 6.6 that the maximum inter class comparisons
has increased more than 35 making the template matching more effective. The
intra class comparisons in the second bin is increased and the third bin is decreased
in the figure 6.6 compared to figure 6.4 which states that the intra class Hamming
distance is reduced for few comparisons which results in classifying the templates
as same pattern with high confidence. The inter class comparisons in the seventh
bin are decreased and the eighth bin are increased in the figure 6.6 compared to
figure 6.4 which states that the inter class Hamming distance is increased for few
comparisons which results in classifying the templates as distinct pattern with
high confidence. Thus removing the rows with variance o < T can be effectively
used to remove the bits in the template which does not consist of information
from matching procedure.
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Conclusions and Future Work

The presented work concludes that

e The iris recognition algorithm can be used for the identification of the car-
tridge headstamp pattern.

e The identified headstamp pattern can be matched with same pattern on a
different headstamp.

e The threshold for the system to implement inter class and intra class clas-
sification is calculated for the considered dataset.

e The usage of variance to discard rows for the matching of templates is
recommended.

We have noted in the section 5.1 that the headstamp pattern is not identified
accurately by Masek’s algorithm when misalignment of the cartridge headstamp
is considered.

Future work includes

e The accurate identification of the cartridge headstamp when the distortion
due to the misalignment is present.

e The further reduction of Hamming distance values for the intra class com-
parisons.
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Appendix A

The tables used for obtained results

Radius range Pattern 1 | Pattern 2 | Pattern 3 | Pattern 4
Pupil low radius 220 220 135 100
Pupil high radius 240 240 155 130

Iris low radius 465 465 240 180

Iris high radius 490 490 265 220

Table A.1: Radius range values given to Masek’s implementation for different
patterns in pixels

s Os Ha 0d d’ A
0.4074 | 0.0226 | 0.4753 | 0.0057 | 4.1153 | 5
0.4023 | 0.0219 | 0.4739 | 0.0060 | 4.4602 | 6

7
8

0.3974 | 0.0223 | 0.4722 | 0.0056 | 4.6081
0.3926 | 0.0222 | 0.4707 | 0.0060 | 4.7991
0.3891 | 0.0212 | 0.4694 | 0.0058 | 5.1644 | 9
0.3856 | 0.0210 | 0.4679 | 0.0060 | 5.3233 | 10
0.3820 | 0.0213 | 0.4666 | 0.0064 | 5.3878 | 11
0.3785 | 0.0210 | 0.4651 | 0.0066 | 5.5528 | 12
0.3750 | 0.0218 | 0.4636 | 0.0068 | 5.4883 | 13
0.3718 | 0.0218 | 0.4625 | 0.0071 | 5.5964 | 14
0.3689 | 0.0222 | 0.4615 | 0.0078 | 5.5810 | 15

}—‘?—‘i—‘i—‘?—*%—"}—‘}—‘i—‘)—*?—'\z

Table A.2: Complete decidability d’ for bandwidth = 0.3 at minimum Hamming
distance between any two templates
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Appendix A. The tables used for obtained results

N s o Hd o d’ A
1 | 0.3966 | 0.0209 | 0.4729 | 0.0053 | 5.0148 | 5
1 ] 0.3922 | 0.0215 | 0.4712 | 0.0056 | 5.0243 | 6
1 | 0.3870 | 0.0208 | 0.4700 | 0.0057 | 5.4337 | 7
1 | 0.3826 | 0.0209 | 0.4683 | 0.0062 | 5.5755 | 8
1 10.3792 | 0.0214 | 0.4669 | 0.0066 | 5.5309 | 9
1 10.3754 | 0.0217 | 0.4652 | 0.0069 | 5.5795 | 10
1 10.3722 | 0.0222 | 0.4639 | 0.0074 | 5.5384 | 11
1 ] 0.3695 | 0.0223 | 0.4624 | 0.0081 | 5.5468 | 12
1 10.3664 | 0.0226 | 0.4611 | 0.0085 | 5.4515 | 13
1 10.3636 | 0.0232 | 0.4598 | 0.0092 | 5.4548 | 14
1 10.3613 | 0.0235 | 0.4588 | 0.0097 | 5.4250 | 15
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Table A.3: Decidability d’ for bandwidth — 0.2 at minimum Hamming distance

between any two templates

s Os Hd o) d’

0.4201 | 0.0240 | 0.4753 | 0.0057 | 3.1654

0.4114 | 0.0236 | 0.4724 | 0.0065 | 3.5239

0.4036 | 0.0248 | 0.4699 | 0.0069 | 3.6391

0.3962 | 0.0256 | 0.4678 | 0.0074 | 3.8009

0| ~J| O] U] >

0.3906 | 0.0242 | 0.4659 | 0.0079 | 4.1789

9

0.3855 | 0.0245 | 0.4646 | 0.0077 | 4.3517

10

0.3804 | 0.0238 | 0.4627 | 0.0077 | 4.6431

11

0.3769 | 0.0236 | 0.4617 | 0.0082 | 4.7991

12

0.3731 | 0.0230 | 0.4599 | 0.0084 | 5.0207

13

0.3704 | 0.0235 | 0.4583 | 0.0085 | 4.9791

14

}—‘}—‘i—‘)—*?—‘}—‘}—‘i—‘i—‘}—*}—'\z

0.3695 | 0.0244 | 0.4566 | 0.0085 | 4.9791

15

Table A.4: Decidability d’ for bandwidth = 0.5 at minimum Hamming distance

between any two templates



Appendix A. The tables used for obtained results

N s o Hd o d’ A
1 10.4224 | 0.0320 | 0.4672 | 0.0055 | 1.9540 | 5
1 ] 0.4115 | 0.0322 | 0.4630 | 0.0080 | 2.1989 | 6
1 | 0.4006 | 0.0309 | 0.4600 | 0.0100 | 2.5880 | 7
1 10.3934 | 0.0261 | 0.4567 | 0.0107 | 3.2159 | 8
1 | 0.3859 | 0.0247 | 0.4562 | 0.0087 | 3.7861 | 9
1 10.3822 | 0.0271 | 0.4533 | 0.0096 | 3.4991 | 10
1 10.3763 | 0.0256 | 0.4518 | 0.0109 | 3.8283 | 11
1 ] 0.3696 | 0.0251 | 0.4490 | 0.0121 | 4.0330 | 12
1 10.3674 | 0.0263 | 0.4460 | 0.0116 | 3.8744 | 13
1 10.3643 | 0.0253 | 0.4415 | 0.0136 | 3.7999 | 14
1 10.3612 | 0.0266 | 0.4372 | 0.0152 | 3.5027 | 15
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Table A.5: Decidability d’ for bandwidth — 0.75 at minimum Hamming distance

between any two templates



