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Abstract

Iris recognition entails the use of iris images to recognize
an individual. In some cases, the iris image acquired from
an individual can be modified by subjecting it to successive
photometric transformations such as brightening, gamma
correction, median filtering and Gaussian smoothing, re-
sulting in a family of transformed images. Automatically
inferring the relationship between the set of transformed
images is important in the context of digital image foren-
sics. In this regard, we develop a method to generate an
Image Phylogeny Tree (IPT) from a set of such transformed
images. Our strategy entails modeling an arbitrary pho-
tometric transformation as a linear or non-linear function
and utilizing the parameters of the model to quantify the re-
lationship between pairs of images. The estimated parame-
ters are then used to generate the IPT. Modest, yet promis-
ing, results are obtained in terms of parameter estimation
and IPT generation.

1. Introduction
Iris recognition involves the recognition of individuals

using their iris patterns [13]. The process begins with the
acquisition of the iris image using a sensor typically op-
erating in the near-infrared (NIR) spectrum. The perfor-
mance of an iris recognition algorithm naturally depends on
the quality of the iris image. A photometrically modified
iris image may adversely affect the iris recognition perfor-
mance [21]. An iris image may be subjected to a sequence
of photometric transformations such as brightening, con-
trast adjustment and gamma correction, resulting in a family
of transformed images, all of which are directly or indirectly
related to the original image. Example of such photometric
transformations are presented in Figure 1.

In this work, we explore the feasibility of determining
the relationship between a set of photometrically modified
NIR iris images using image forensic principles. In some
applications, it may be necessary to automatically deduce
the relationship between such transformed images in order
to determine the structure of image evolution [10] and to

represent it in the form of an Image Phylogeny Tree (IPT).
An IPT is a tree-like structure depicting the hierarchical re-
lationship between a family of transformed images. Each
image is represented as a node, and an edge exists between
a pair of nodes if one image is derived from the other. The
source image is then termed as the parent node and the
transformed image is referred to as the child node. The rela-
tionship between the child and parent nodes can be modeled
using a parametric function. Generating an IPT has several
advantages, particularly in the context of image forensics.
Inferring relationship between images: Given a large set
of photometrically transformed images, an IPT can be used
to deduce whether all the images indeed originate from a
single parent, i.e., if all the images belong to a single tree or
not.
Detecting tampered iris images: Photometric modifica-
tion of iris images may be inadvertent or adversarial. Oper-
ations such as removal of specular highlights can fundamen-
tally modify iris images. Significant photometric variation
between two images can indicate possible tampering. An
IPT can offer insight into the trail of modifications made to
the original images.
Determining the parameters governing the transforma-
tions: In the absence of prior information about the original
and transformed images, the estimated parameters can pro-
vide insight into the transformations relating the two nodes
of an edge.

In this work, our objective is as follows. For a given set
of photometrically transformed near-duplicate iris images,
(a) determine the transformation parameters between pairs
of images in the set and (b) represent the relationship be-
tween the related images in the form of an IPT. We assume
that no prior knowledge about the transformations applied
to the images is available. The first objective is achieved by
exploring the use of three models for modeling the transfor-
mation between pairs of images: (a) global linear model; (b)
local linear model; and (c) global quadratic model. The sec-
ond objective is achieved by using the estimated parameters
of the transformation between pairs of images, along with a
variant of the Oriented Kruskal algorithm [11], to compute a
Directed Acyclic Graph (DAG) that is used to represent the
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(a) (b) (c)

Figure 1: Example of photometric transformations applied
to an NIR iris image. (a) Original image, (b) brightness
adjusted image, and (c) contrast adjusted image.

IPT (IPT-DAG). Further, we conduct experiments to vali-
date the relevance of the three models in representing some
popular photometric transformations.

The remainder of the paper is organized as follows: Sec-
tion 2 motivates the problem and provides a brief literature
review on the topic of IPT. Section 3 describes the three
parametric models, the algorithms used to estimate the pa-
rameters of each model, and the IPT construction algorithm.
Section 4 describes the experimental protocol used and re-
ports the results obtained. Section 5 summarizes the paper
and provides future directions.

2. Motivation and Related Work
Principles from the field of digital image forensics have

been used to verify the authenticity of an image by infer-
ring whether the image has been subjected to any mod-
ification, either in the geometric space or the photomet-
ric space [12, 22]. Extensive work has been conducted
in this regard with respect to images acquired in the vis-
ible (VIS) spectrum [20, 3]. Determination of ancestral
relationships between a set of near-duplicate VIS images
is beginning to pique the interest of the research commu-
nity [9, 18, 15, 7, 19, 16]. However, iris images employed
in iris recognition systems are usually acquired in the NIR
spectrum and are statistically different than images captured
in the VIS spectrum [17]. Moreover, these images may be
subjected to a sequence of photometric transformations, ei-
ther to improve recognition accuracy (e.g., illumination nor-
malization) or to deliberately confound an iris recognition
system (e.g., by injecting adversarial noise). This poses a
few challenges. Firstly, the transformation parameter space
can be vast and, therefore, accurately estimating the pa-
rameters of the transformation can be difficult. Secondly,
an asymmetric measure is required to measure the dissim-
ilarity between a pair of images which can then be subse-
quently used to reconstruct the DAG representation of the
IPT. Thirdly, an appropriate evaluation metric needs to be
designed to analyze the performance of the reconstructed
IPT-DAG.

The principal contributions of our paper are as follows:
(a) employing three parametric models, namely, global lin-
ear, global quadratic and local linear models to obtain
the best fit to some photometric transformations such as,
brightness adjustment, Gaussian smoothing, contrast lim-
ited adaptive histogram equalization (CLAHE), median fil-

tering and gamma correction; (b) estimating the parameters
of the three models, and further using the estimated param-
eters to compute an asymmetric dissimilarity measure for
constructing the IPT-DAG; and (c) evaluating the perfor-
mance of the proposed method in terms of IPT reconstruc-
tion accuracies for different tree configurations.

3. Proposed Approach
Consider a family of photometrically transformed im-

ages denoted by the set {I1, · · · , IN}. Our objective is to
construct an IPT as shown in Figure 2. This entails comput-
ing an asymmetric dissimilarity measure between every im-
age pair (Ii, Ij), where, i, j = 1, · · · , N . The dissimilarity
measure is computed from the parameters θ of a transfor-
mation model, T (I|θ), that relates Ii and Ij . The pipeline
of the proposed approach as presented in Figure 2 can be
broadly classified into two steps. The first step constitutes
the parameter estimation process for parameterized trans-
formation models. The second step is the construction of
the IPT-DAG using the results from the first step.

3.1. Parametric Transformations

In order to estimate the transformation between a pair
of images, three different parametric models are consid-
ered: (a) global linear (GL) model, (b) local linear (LL)
model, and (c) global quadratic (GQ) model. The global
models assume the application of the same set of transfor-
mation parameters to every pixel. On the other hand, the
local model assumes that the image is tessellated into sev-
eral non-overlapping patches, and each patch is subjected to
a different set of transformation parameters (see Figure 3).
Different parametric models are considered in this work be-
cause some commonly used image enhancement and de-
noising operations are global (e.g., brightening) while oth-
ers are applied in patches (e.g., CLAHE).

Next, we will discuss the three different models, the
parameters associated with each of these models and their
respective parameter estimation processes.

3.1.1 Global Linear (GL) Model

The GL transformation model is denoted in Eqn. (1), where
a represents the multiplicative coefficient and b represents
the bias or the offset term.

T (I|a, b) = aI + b. (1)

The parameters for the global linear model are θGL =
[a, b]

T . We will describe the inverse compositional (IC) up-
date rule [4, 14, 6] for estimating the parameters of the GL
photometric model. For an image pair (Ii, Ij), where, Ii is
the source image and Ij is the target image, we consider that
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Figure 2: General framework for parameter estimation and IPT reconstruction from a set of near-duplicate and related iris
images.

(a) (b) (c)

Figure 3: Illustration of global model optimization vs. lo-
cal model optimization. (a) Global model optimizes with
respect to entire image, (b) local model optimizes with re-
spect to each of the tessellated patches in the image, and (c)
local optimization for a pair of tessellated images.

Ij has been subjected to some photometric transformation
operation, T (Ij |θ). We want to estimate the parameters of
the transformation model, θ, such that it results in minimum
photometric error (PE) between T (Ij |θ) and Ii.

The parameter estimation involves minimizing the PE
between the image pair using gradient descent. The PE
serves as the vector valued objective function formulated
as,

PE = min
δθ
‖Ii − T (Ij |θ)‖2

2
. (2)

The objective function is minimized in an iterative proce-
dure with respect to the incremental parameters δθ resulting
in the optimal parameter θopt. Eqn. (2) requires minimiza-
tion to be performed in the photometric space of the target
image. The solution to Eqn. (2) involves computation of
the gradient which needs to be performed in every itera-
tion, making the procedure computationally intensive. An
elegant solution to this problem can be obtained by mini-
mizing the objective function in the photometric space of
the source image. To achieve this, the IC update rule [6] is
employed, which can be written as,

T (·|θ) = T̂−1(T (·|θ)|δθ), (3)

where, T̂ (·|δθ) is an incremental transformation with re-
spect to parameter δθ. The primary objective is to express
the updated transformation in terms of the composition of
the current transformation, T (·|θ), and the inverse of the
incremental transformation T̂−1(·|δθ). After applying the

IC update rule to Eqn. (2), the least squares problem can be
finally written as, min

δθ
‖T̂ (Ii|δθ)− T (Ij |θ)‖2

2
.

Let, Wj = T (Ij |θ). Thus, the equation becomes,

min
δθ
‖T̂ (Ii|δθ)−Wj‖2

2
. (4)

The solution for the above expression requires the use of
first order Taylor’s expansion which introduces the Jacobian
of the photometrically transformed source image, T̂ (Ii|δθ).
Applying Taylor’s expansion to Eqn. (4) results in
min
δθ
‖Ii + JiI · δθ −Wj‖2

2
=min
δθ
‖JiI · δθ − E‖2

2
.

Here, JiI represents the Jacobian matrix, and the differ-
ence vector E, also known as the error image, indicates
Wj − Ii. For the GL model, the Jacobian is computed as,

JiI = [∂T (Ii|a,b)
∂a , ∂T (Ii|a,b)

∂b ] = [Ivi,1].
Here, 1 is a column vector of all ones of the same length

as Ivi, which is the vectorized form of the image Ii, such
that Ivi = vect(Ii). Thus, the Jacobian depends only on the
source image (Ii) pixels. The incremental parameter vector
is solved using the following equation:

δθ = (JiI
T JiI)

−1
JiI
TE. (5)

The optimal parameters, θopt ← [aopt, bopt]
T are com-

puted using the inverse update rule as follows :

aopt ←
[

aold
1 + δθa

]
; bopt ←

[
bold − δθb
1 + δθa

]
. (6)

3.1.2 Local Linear (LL) Model

Some photometric transformations (e.g., median filtering)
are applied to images in patches thus producing non-
uniform changes throughout the image. A global model
fails to capture such local variations. An effective solution
is to apply a different transformation at each local region in
an image. The process can be simplified by tessellating the
image into several non-overlapping patches and applying
the GL based parameter estimation process iteratively on
each of these patches. Intuitively, the LL model seeks local
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optimization as opposed to global optimization guaranteed
by the GL model. For estimating transformation parameters
between a pair of images, we assume that the images are in
geometric correspondence with respect to each other.

For the LL model, consider the image I to be tessel-
lated into m equal-sized patches {cI

1, · · · , cI
m}, where, cI

1

denotes the first patch of image I. Thus, the transformation
for each patch can be represented as,

T (cI
i|ai, bi) = aicI

i + bi. (7)

For the ith patch, the transformation parameters are θi =
[ai, bi]. The parameter estimation process for each pair
of patches is identical to the GL model based approach.
Upon estimation of the parameters for each patch, the opti-
mal transformation parameters for the entire image is com-
puted as their average. The aggregation is necessary due to
the patch based approach adopted in the LL model. Each
patch is essentially a matrix of pixel intensity values and
some of these patches have low condition number, i.e., they
are close to being singular matrices, thus, making param-
eter estimation for these patches unreliable. However, av-
eraging the estimated parameters reduces the effect of the
ill-conditioned patches and estimates the optimal parameter
fairly accurately. The solution can be expressed as follows,

θLL =

[ m∑
i=1

ai

m ,

m∑
i=1

bi

m

]T
.

3.1.3 Global Quadratic (GQ) Model

Image filtering operations are widely used to enhance iris
images, which aid in iris segmentation and subsequent iris
normalization. However, such operations cannot be approx-
imated using a simple linear model. A classical example is
Gaussian smoothing which is used extensively for the pur-
poses of image denoising. A simple quadratic model may
better model the non-linearities inherent to such transfor-
mations compared to simple linear models. Thus, the third
model considered in this work is the global quadratic model
denoted as,

T (I|a, b, c) = aI2 + bI + c, (8)

where, a, b and c represent the scalar coefficients of the
transformation.

The parameters for the quadratic model are θGQ =
[a, b, c]T . The least squares estimation (LSE) technique
can be used for computing the coefficients of the quadratic
model. Eqn. (8) can be rewritten as,

T (I|a, b, c) = [abc]

I2
I
1

 . (9)

Eqn. (9) can be simplified by considering the following

notations: t = vect(T (I|a, b, c)), ϕ(I) = vect

(I2
I
1

).

Substituting the above notations in Eqn. (9) results in

t = θT · ϕ(I) = ϕ(I)T · θ. (10)

Since, the output, t, can be expressed as a weighted linear
combination of the input, ϕ(I), it is linear in terms of the
the parameters, θ. Thus, it can be solved using linear or or-
dinary LSE and has a closed form solution. The solution for
the parameters (i.e., the coefficients of the quadratic model)
can be expressed as:

θopt =

(
ϕ(I)ϕT (I)

)−1
ϕ(I)t. (11)

In summary, for all three models, the transformation pa-
rameters are estimated in both directions: from the first im-
age to the second image (Ii → Ij) and, also, from the sec-
ond image to the first image (Ij → Ii). The magnitude of
the parameters are asymmetric in the two directions. The
magnitude of the estimated parameters, computed as L2-
norm of the vector θ, is then used to compute theN×N dis-
similarity matrix, D = [θmagnitude(i, j)]

N
i,j=1, which quan-

tifies the dissimilarity between every pair of images in the
input set. The process of parameter estimation (for the GL
model) and dissimilarity measure computation is summa-
rized in Algorithm 1.

3.2. IPT-DAG Construction

The magnitudes of the estimated transformation param-
eters between every pair of images serve as the elements of
the dissimilarity matrix required by the IPT-DAG construc-
tion algorithm. The IPT construction algorithm as described
in [11] assumes that each node has a single parent and con-
structs a minimal spanning tree (MST) from the dissimilar-
ity matrix. The Oriented Kruskal algorithm constructs the
MST by first sorting all the elements of the dissimilarity
matrix, and then creating edge between nodes, say, i and j,
directed from j → i, such that i is the parent node and j is
the child node. The edge is created only if both the nodes
do not belong to the same tree, and if node j has not been
assigned a parent. However, a dissimilarity matrix, which
is unable to successfully discriminate between the source
(node i) and the target (node j) image, may misclassify i
as the child node of j. There is no corrective procedure to
amend the reconstruction, since the local relationships are
not examined by the algorithm. Consequently, this will neg-
atively impact the IPT reconstruction accuracy. The authors
in [8] have used optimum branching algorithm to remedy
the above situation, which assumes an initial root node and
iteratively tries different root nodes to arrive at the optimal
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Algorithm 1: Asymmetric Dissimilarity Measure Computation
Input: An image pair, (Ii, Ij)
Output: Dissimilarity matrix, D

22 Normalize the source image (Ii) and the target image (Ij) by dividing both the images by the maximum pixel intensity
value in Ii

3 initialization:
4 θ ← [1, 0]T , threshold ← norm(θ), iter ← 0, maxIter ← 100;
5 pre-computation:
6 Jacob ← [normalized Ii, 1];
7 Hessian ← JacobT ∗ Jacob; . * indicates matrix multiplication operation
8 loop:
9 repeat

10 transformed img ← θ(1). ∗ normalized Ij + θ(2) . .* indicates element-wise multiplication operation
11 Error img ← transformed img − normalized Ii
12 δθ ←

∑
rows Jacob

T ∗ Error img

13 θ ←
[ θ(1)
1+δθ(1) ,

θ(2)−δθ(2)
1+δθ(1)

]T
14 threshold ← norm(δθ)
15 iter ← iter + 1

16 until threshold < 1× 10−8 OR iter > maxIter
17 D(Ii, Ij)← norm(θ)
18 Photometric error ← norm(Error img)

solution; but this leads to higher algorithmic complexity.
We propose relaxing the MST construction by considering
the IPT as a directed acyclic graph (DAG). Our objective
is to have a single attempt at IPT reconstruction, where re-
construction involves no prior knowledge about the correct
root, and at the same time be able to evaluate the reconstruc-
tion accuracy using a single criterion. As such, converting
both the original tree and the reconstructed tree into their
respective DAG forms may also aid in better understanding
the relationships between the nodes, i.e., the images within
a set.

The IPT-DAG construction algorithm begins by sorting
the elements of the dissimilarity matrix with respect to each
node at a time. This allows searching for local relation-
ships in contrast to global relationships as is the case with
the Oriented Kruskal algorithm. In every iteration, a row
of the dissimilarity matrix is selected (the row index cor-
responding to a single node, say, node1) and a set of po-
tential candidates is determined from the remaining nodes
{node2, · · · , nodeN}. The potential nodes are the vertices
which will possibly share an edge with the current node un-
der consideration. A node (e.g., nodek, k = 2, · · · , N )
is considered to be a potential candidate if the magnitude
of the estimated transformation parameter between the pair
(node1, nodek) is less than 5 times the minimum value of
that of all the elements belonging to the current row (row1)
of the dissimilarity matrix under consideration. Once the
potential candidates are selected, the direction of the edge

is decided by comparing the parameter magnitudes in the
forward direction and the reverse direction. A lower magni-
tude will result in an edge in the corresponding direction.
The output of the algorithm is a data structure with two
columns: the first column named Child contains the child
nodes and the second column named, Parent comprises
of the corresponding parent nodes. Algorithm 2 describes
the steps in the IPT-DAG construction process. In our ap-
proach, we only reconstruct a single tree for a given set of
images.

3.3. Performance Evaluation

The reconstructed IPT-DAG is compared against the
original IPT which is also converted to a DAG by inserting
links between each node and its ancestor (if not currently
present). The accuracy is computed as follows,

Accuracy =
Original edges ∩ Reconstructed edges
Cardinality of the set of Original edges

,

(12)

where, Reconstructed edges = {Parent → Child}.
The IPT-DAG structure indicates the root node, the leaf
nodes, ancestral relationships and edges. The node appear-
ing most frequently in the Parent column is interpreted as
the Root node and is connected to all the remaining nodes
in the reconstructed IPT-DAG. Similarly, the leaf nodes
appear only in the Child column of the data structure
obtained as output of the IPT-DAG construction algorithm
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Algorithm 2: IPT-DAG Construction
Input: Dissimilarity matrix D of size n× n
Output: IPT-DAG containing n nodes

1 loop:
2 For each row in D
3 currentnode← rowindex
4 sort row in ascending order,
5 l ∈ sorted row;
6 minval← minimum(sorted row);
7 check . Determine the potential nodes sharing edge with row
8 if (l < 5×minval)
9 potential nodes← l

10 For each potential node, m : . Determine the direction of the edge
11 if D(currentnode,m) < D(m, currentnode)
12 Child ← m;
13 Parent ← currentnode.
14 else
15 Child ← currentnode;
16 Parent ← m .
17 IPT-DAG←

[
Child, Parent]

(discussed in Section 3.2), and nodes appearing in both
columns (Child and Parent columns) represent the
intermediate nodes.

4. Experiments
In this section, the datasets and the experimental proto-

cols used in this work are described. Results are reported in
terms of (a) photometric error for the parameter estimation
algorithms of the three parametric transformation models,
and (b) the IPT reconstruction accuracy.

4.1. Datasets and Experimental Methodology

The three sets of experiments conducted in this work are
described next.

In the first set of experiments, 300 iris images from the
CASIAv2 Device2 dataset [1] were subjected to 5 popular
photometric transformations with varying parameters. The
photometric transformations and the range of the parame-
ters associated with each transformation, are described in
Table 1. For each pair of original and transformed images,
the GL, GQ and LL models are used to estimate the parame-
ters of the transformation. For the LL model, each image is
tessellated into non-overlapping patches of size 16×16. A
total of 300 transformed pairs are obtained. The goal of this
experiment is to demonstrate that some popular photometric
transformations can be reasonably approximated by one or
more of these 3 parametric models. The final photometric
error (formulated in Step 18 of Algorithm 1) obtained af-
ter convergence of the estimation algorithm is computed for

each of the three models, and the model yielding the lowest
error is declared as the best fit for that specific photometric
transformation.

In the second set of experiments, 1200 images from the
CASIAv2 Device2 dataset and 1992 images from the
CASIAv4 Thousand [2] dataset were assembled together to
form our experimental dataset resulting in a total of 3192
images. Each image of the dataset is subjected to a se-
quence of photometric transformations resulting in IPT of
different configurations. The parameters for the second ex-
perimental protocol are presented in Table 2. The different
tree configurations analyzed in this paper are presented in
Figure 4. A total of 3192 IPTs were constructed for each of
the three configurations. Parameter estimation is conducted
independently on each set of transformed images.

(a) (b) (c)

Figure 4: Examples of image phylogeny tree configurations
considered in this work. (a) Breadth= 1, Depth= 3, (b)
Breadth= 3, Depth= 1 and (c) Breadth= 2, Depth= 2 .

In the third set of experiments, the 3192 images from the
second experiment are subjected to all 5 transformations re-
sulting in a single complex IPT of breadth 3 and depth 2.
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Table 1: Photometric transformations and selected range of parameters used for the first set of experiments.

Photometric
Transformations

Level of
Operation Implementation Parameters Range

Brightness adjustment Global aI + b [a, b] a ∈ [0, 10], b ∈ [-30, 30]
Median Local MATLAB function medfilt2 size of window→ [m,n] m ∈ [3,20], n ∈ [3,20]
CLAHE Local MATLAB function adapthisteq contrast limit,size of window contrast limit ∈ [0, 0.09], size of window→ m ∈ [5,8] , n ∈ [5,8]
Gaussian smoothing Global MATLAB function imgaussfilt standard deviation stddev ∈ [2, 8]
Gamma correction Global MATLAB function imadjust gamma gamma ∈ [0.1, 2]

The resulting IPT and an example iris image undergoing
multiple transformations are exhibited in Figure 5. For this
experiment, 3192 trees were constructed and evaluated in
terms of reconstruction accuracy. In practice, we cannot
guarantee that all the images belonging to a particular tree
will be subjected to the same transformation. Some images
may arise due to application of global operations, while oth-
ers may be a consequence of local operations. Accurate re-
construction of such IPTs is of practical importance. The
primary objective of the third set of experiments is to eval-
uate which of the three parametric functions (GL, GQ and
LL models) will be well suited for modeling an IPT gen-
erated using sequences of multiple photometric transforma-
tions resulting in a complex configuration.

(a) (b)

Figure 5: IPT based on multiple photometric transforma-
tions. (a) IPT of Breadth= 3 and Depth= 2. (b) Example of
an iris image undergoing multiple transformations in a sin-
gle tree (different colored lines denote the different trans-
formations indicated in the left figure).

Table 2: Photometric transformations and selected range of
parameters used for the second set of experiments.

Photometric Transformations Parameters Range
Brightness adjustment [a, b] a ∈[0,10] , b ∈ [-30, 30]
Median [size of window] {[3,3], [5,5], [7,7]}
CLAHE contrast limit, Distribution contrast limit→ {0.01, 0.03},

Distribution→ {‘Uniform’, ‘Rayleigh’}
Gaussian smoothing standard deviation stddev [2, 8]
Gamma correction gamma gamma [0.1, 2]

4.2. Results and Discussion

Analysis of results in terms of parameter estimation and
reconstruction accuracy is discussed in this section.

For the first set of experiments, the results are presented
in Table 3. Here, for each photometric transformation, we

report the percentage of times each of the 3 models gave
the best fit. The results indicate that the GQ model best fits
the Brightness and Gamma correction operations for both
forward and reverse transformations. However, it should
be noted that for the Brightness adjustment operation, GL
model performs almost at par with the GQ model as evi-
dent from the average photometric error value reported in
the last two columns. For a given image pair, we do not
assume prior information about which is the original image
and which one is the transformed image. As such, a model
may fit well the transformation in both directions. Thus, the
performance of a model (and, therefore, its relevance) can
be claimed to be acceptable only if it results in low PE in
both forward and reverse directions. As anticipated, the LL
model is able to better characterize the CLAHE operation
which is a local transformation.

For the second set of experiments, the IPT-DAG recon-
struction accuracy is reported in Table 4. The results reflect
how well a model discriminates between the original and
the transformed image. For example, the LL model which
best fits the CLAHE transformation (see Table 3), results
in the highest reconstruction accuracy for CLAHE as indi-
cated in the third row of Table 4. The reconstruction accu-
racy for Brightness adjustment is identical for the GL and
GQ models as the magnitude of the estimated parameters
were similar (for GQ model the coefficient of the quadratic
term was ≈ 10−14). The poor reconstruction accuracy for
the global Gamma correction can be attributed to the failure
of all the three models in representing the transformation.
The contrast adjustment uses the gamma value in the range
[0.1, 2] to decide the shape of the curve governing the rela-
tionship between the input and the output pixel values; thus,
gamma adjustment is a non-linear mapping which cannot be
aptly represented using a simple quadratic model. Another
example of failure of the proposed IPT-DAG reconstruction
is demonstrated for Gaussian smoothing in Figure 6. Such
a case arises when the value of the standard deviation value
used for the smoothing operation is small (σ = 2.55), and
the dissimilarity measure cannot successfully discriminate
between the source and the transformed image, resulting in
poor IPT reconstruction. In Figure 6, the second image was
misclassified as the source image.

The results for the third set of experiments include the
performance of the three models in terms of the IPT re-
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Table 3: Experiment 1. Performance of the 3 parametric models in representing each of the 5 photometric transformations.

Models
Best Fit Rate (%)
(Forward transformation)

Best Fit Rate (%)
(Reverse Transformation)

Mean PE
(Forward Transformation)

Mean PE
(Reverse Transformation)

Brightness adjustment
GL 0 0 5.1289×10−12 1.854×10−12
GQ 100 99.67 1.9129×10−14 2.0308×10−14
LL 0 0.33 1.4292 1.2018

Median
GL 0 100 0.0306 0.0259
GQ 100 0 0.0244 0.0303
LL 0 0 1.5227×106 3.2743×107

CLAHE
GL 0 0 0.2232 0.1344
GQ 10.67 13.33 0.1417 0.0844
LL 89.33 86.67 0.0864 0.0461

Gaussian smoothing
GL 0 100 0.0302 0.0229
GQ 87.67 0 0.0214 0.0306
LL 12.33 0 0.0501 0.1301

Gamma correction
GL 1.33 1.33 0.0087 0.0103
GQ 91.33 73.67 0.0015 0.0032
LL 7.33 25 0.1724 0.1738

(a) (b)

Figure 6: Example of an IPT of breadth 3 and depth 1 un-
dergoing Gaussian smoothing resulting in an incorrect IPT-
DAG reconstruction. (a) Original IPT-DAG (σ denotes the
standard deviation governing the smoothing operation) and
(b) incorrect IPT-DAG reconstruction.

Table 4: Experiment 2. IPT-DAG reconstruction accuracy
for different tree configurations using magnitude of pre-
dicted parameters as asymmetric dissimilarity measure.

IPT-DAG Reconstruction Accuracy (%)
Models B1D3 B2D2 B3D1

Brightness adjustment
GL 91.16 86.76 88.26
GQ 91.16 86.76 88.26
LL 88.03 86.53 88.18

Median
GL 0 0 0
GQ 97.70 91.44 92.02
LL 0.43 0.93 1.33

CLAHE
GL 89.47 62 47.94
GQ 15.36 36.17 47.11
LL 99.52 99.16 98.31

Gaussian smoothing
GL 0 0 0
GQ 67.07 58.45 52.35
LL 3.25 1.92 0.98

Gamma correction
GL 22.45 17.94 14.68
GQ 39.58 40.58 38.95
LL 28.84 26.49 25.86

construction accuracy. Table 5 reports the efficacy of the
GQ model in modeling multiple transformations and con-
sequently resulting in higher reconstruction accuracy than
GL and LL models. Experiments indicate that only a mod-
est performance has been obtained using the proposed ap-
proach and more work is needed.

5. Summary and Future Work

In this work, we construct an image phylogeny tree that
captures the relationship between a set of photometrically
modified iris images. The proposed approach comprises of
two stages. In the first stage, some commonly used photo-
metric transformations are considered, and three parametric
functions, namely, global linear, global quadratic and local
linear are used for modeling these transformations.

In the second stage, the magnitude of the estimated pa-
rameters obtained from the first stage are used to construct
a Directed Acyclic Graph form of IPT, termed as IPT-DAG.
This allows explicit depiction of ancestral relationships be-
tween the nodes and subsequent evaluation using a single
metric. Experiments are conducted on NIR iris images that
are subjected to different tree configurations. While promis-
ing results are obtained, the performance is modest in many
cases and requires more work.

Future work would include the design of better strate-
gies to remove spurious edges created using the pro-
posed approach while improving the reconstruction accu-
racy. Representing an arbitrary photometric transformation
using an expansive set of basis functions and employing
them for IPT-DAG reconstruction is another viable direc-
tion of research. Sensor pattern noise, which is primarily
used for sensor identification [5], may have to be used in
large-scale IPT experiments to ensure that images originat-
ing from different sensors are not placed in the same phy-
logeny tree.

Table 5: Experiment 3. IPT-DAG Reconstruction Accuracy
for the multiple transformation scenario depicted in Fig-
ure 5.

Models IPT-DAG Reconstruction Accuracy (%)
GL 47.93
GQ 71.30
LL 46.67
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