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Abstract

Photometric transformations such as brightness and
contrast adjustment are widely used to enhance the visual
aesthetics of face images. A face image can be repeatedly
modified using such transformations, resulting in a set of
near duplicate images. In this work, we tackle the difficult
problem of generating an Image Phylogeny Tree (IPT) from
near-duplicate face images. An IPT captures the structure
of evolution between images. We first assemble a dataset
of near-duplicate face images using random sequences of
photometric transformations. Secondly, we develop an al-
gorithm to model the pairwise transformation using Legen-
dre polynomials and Gaussian radial basis functions. Given
a set of near-duplicate face images, we utilize these ba-
sis functions to model the pairwise relationship between
these images. Thirdly, we develop a likelihood-ratio based
scheme to distinguish between forward transformations and
reverse transformations. The likelihood-ratio value itself is
used to develop an asymmetric similarity matrix that de-
picts the relationship between pairs of images. Finally, we
deduce the IPT from this matrix. Experiments conducted
on images from the LFW dataset involving 2,727 IPTs con-
vey the promise of our method to confront this challenging
problem in image forensics, exhibiting 80% root node iden-
tification accuracy for near-duplicate face images.

1. Introduction
Photometric transformations are commonly used to en-

hance visual details or suppress artifacts in images. Face
images are often subjected to modifications such as bright-
ness control, contrast adjustment and smoothing operations,
or through a host of readily available Photoshop filters that
can accentuate facial details. These modifications can be
used to improve the quality of the images, add special ef-
fects to an image, or ‘airbrush’ facial photos (remove scars,
wrinkles, etc.) [12]. The repeated use of image enhance-
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ment tools on a single image can generate a set of near-
duplicate face images. Examples of some near-duplicate
face images are presented in Figure 1(a) and 1(b). Such
photometric transformations can be used to improve face
recognition [23] or even generate fake face images of a per-
son [24]. Identification of the original (root) image from
such a set of near duplicate images is important in the con-
text of digital image forensics. Furthermore, one may in-
tend to know how the images are related to each other. The
structure of evolution of a set of near-duplicate images can
be represented in the form of an Image Phylogeny Tree
(IPT), where the original image serves as the root node and
the directed links between nodes indicate the relationship
between the images. See Figure 1. IPT generation has many
useful purposes:

(a) (b)

(c) (d)
Figure 1. (a) and (b): Two sets of photometrically transformed
face images. Can you identify the original image in each case
(a) and (b)? The corresponding IPTs are depicted in (c) and (d),
respectively. In this work the top row is the input to our algorithm
and the bottom row is the desired output.
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1. Inferring relationship between images: An IPT can
be used to deduce the structure of evolution between a
set of photometrically transformed images, and in the
process determine whether all the images belong to a
single tree or not [14, 21].

2. Verifying integrity of evidence in a court of law:
The digital evidence in a chain of custody [7, 6] is sus-
ceptible to tampering leading to altered images. Iden-
tifying the original image from a set of near-duplicate
images can help authenticate the veracity of the digital
evidence.

IPT generation typically involves (a) computing a mea-
sure of similarity between every pair of images; (b) con-
structing a similarity matrix based on these values; (c) de-
riving a tree from this similarity matrix. Thus, the heart
of the problem lies in determining a suitable asymmetric
measure of similarity between image pairs. An asymmetric
measure is needed because the transformationsA→ B and
B → A must be viewed differently (here,A andB denote
images).

2. Related Work
Determination of ancestral relationships between a set

of near-duplicate images has been studied in the literature
with mixed results [10, 18, 19, 16, 5, 8, 17]. The major-
ity of existing work focuses on geometric transformations
(resampling, affine transformations and cropping). Photo-
metric transformations are limited to brightness adjustment,
contrast adjustment and gamma correction applied to each
channel of a color image [11, 9]. However, face images
are typically subjected to photometric filters which operate
locally as well as globally, i.e., the operators can impact lo-
cal patches in the image or the image in its entirety. Our
work addresses photometric transformations at both global
and local levels in the context of face images. In [11], the
authors defined the IPT as a minimal spanning tree (MST).
The MST contains links only between those pair of nodes
(images) which are directly related to each other, i.e., one
image is a direct result of applying a photometric transfor-
mation to the other. Such a link exists between a parent
node (source image) and the child node (target or modified
image). In this work, we will consider the computation of
ancestral links also, i.e., a directed link will occur between
A and C, if A→ B and B → C. Thus, our IPT will be a
directed acyclic graph (DAG), but not necessarily an MST.

Recently, a new approach was proposed in [3], where
the authors use linear and quadratic functions to model the
relationship between a pair of images. The magnitude of
the estimated model parameters is then used to compute
the (dis)similarity matrix. However, a relatively simple lin-
ear or quadratic function as used in [3] may not accurately

model fairly complex photometric transformations. There-
fore, in this work, we explore the use of a set of complex
basis functions to model the photometric relationship be-
tween images.

The main contributions of our work are as follows:

1. Creating a dataset comprising of photometrically mod-
ified near-duplicate face images using 4 photometric
transformations, namely, i) Brightness adjustment, ii)
Gamma transformation, iii) Median filtering and iv)
Gaussian smoothing, using a large range of parame-
ters (see Table 1). A set of 27,270 images from 468
unique identities is created and made available to the
general community for research purposes.1

2. Computing a reliable asymmetric similarity measure
by first modeling the relationship between image pairs
using Legendre polynomials and Gaussian radial ba-
sis functions, and then deriving the likelihood ratio of
the model parameters using least squares and inverse
compositional based estimation.

3. Conducting experiments on the Labeled Faces in the
Wild (LFW) dataset and evaluating the proposed algo-
rithm in terms of root node (original image) identifica-
tion accuracy and IPT reconstruction accuracy.

4. Testing the performance of the proposed algorithm on
a small set of unseen photometric transformations in-
volving Photoshopped images.

5. Testing the performance of the proposed algorithm
across modalities, i.e., on a datatset comprising of iris
images.

The remainder of the paper is organized as follows. Sec-
tion 3 describes the basis functions used for modeling the
transformations between image pairs. Section 4 presents
the method used to compute the similarity measure and the
IPT. Section 5 provides details about the dataset and the ex-
perimental protocol used for evaluating for IPT construc-
tion. Section 6 reports the results. Section 7 summarizes
the findings of this work.

3. Modeling the Photometrically Transformed
Images

We use basis functions to model the relationship between
transformed images. Two types of basis functions are con-
sidered: Legendre Polynomials and Gaussian Radial Basis
Functions. Consider a pair of images (Ii, Ij). We would
like to model two relationships: one in which Ii is the
source image and Ij is the target image (so Ii → Ij); the

1The dataset is available at http://iprobe.cse.msu.edu/
dataset_detail.php?id=1&?title=Near-Duplicate_
Face_Images_(NDFI)
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Figure 2. The proposed algorithm for generating the IPT for a set of 5 near-duplicate images enumerated from 1 to 5. The bold arrow
indicates the link connecting the child and the parent, while the dashed arrow indicates an ancestral link.

other in which Ij is the source image and Ii is the target
image (so Ij → Ii).

3.1. Legendre Polynomials

Legendre polynomials are a class of orthogonal polyno-
mials defined in the interval [-1, 1]. The Legendre polyno-
mial of degree n computed at x is denoted as Pn(x) and is
written as follows:

Pn(x) = 2n
n∑

k=0

xk
(
n

k

)(n+k−1
2

n

)
. (1)

Legendre polynomials have been successfully used for im-
age template matching [20], and image reconstruction and
compression [15]. Note that Eqn.(1) simplifies to a linear
function for n = 1 and a quadratic polynomial for n = 2.

Let the photometric transformation be denoted by the
parametric function T [·|α]. Consider an image pair
(Ii, Ij). We model the transformation using the Leg-
endre polynomials as follows, Ii(p) ≈ T [Ij(p)|α] ≈∑m

h=1 αhPh[Ij(p)] where the transformation is applied to
each pixel p. α = [α1, · · · , αm]T is the parameter vector
to be estimated and m is the number of basis functions (for
Legendre polynomials, m = n + 1). We aim to minimize
the photometric error (PE) between Ii(p) and T [Ij(p)|α].
Thus, the objective function can be formulated as follows,

PE(Ii, Ij) = min
α

Σp‖Ii(p)−T [Ij(p)|α]‖22. (2)

To solve the above objective function, we use the inverse
compositional (IC) update rule [4, 2]. The key idea is
to express the updated transformation as a composition of
the current transformation and the inverse of the incre-
mental transformation. See [4] for a detailed derivation
of the IC update rule. The parameter α is computed as
α← αold

1 + ∆α
. The IC update rule is an iterative optimiza-

tion algorithm and updates the new α using the previous

value, αold, and the incremental ∆α. The incremental pa-
rameter vector is computed as,

∆α = (JSJS
T

+ λId)−1JSE. (3)

Here, the term JS is known as the Jacobian of the source
image (Ii) and is of size m × l (m is the number of basis
functions and l is the length of vect(Ii), i.e., number of
pixels in the image). The term (JSJS

T
) is known as the

approximate Hessian matrix. We added regularization to
the approximate Hessian matrix to restrict the L2-norm of
the estimated incremental parameter vector to unity. Here, λ
is the regularization parameter and Id is the identity matrix
of size m×m. Finally, the term E denotes the error image
computed between the source image (Ii) and the modeled
target image (T [Ij |αold]). In this work, we have selected
two values of m (i.e., the number of basis functions), m =
6 which we denote as Legendre 6, and m = 9 which we
denote as Legendre 9. For Legendre 6,α is a 6-dimensional
vector whereas, for Legendre 9,α is a 9-dimensional vector.

3.2. Gaussian Radial Basis Functions (RBF)

In this work, we have also considered another fam-
ily of basis functions. The Gaussian RBF kernel com-
puted at x is denoted as K(x) and is written as K(x) =
exp ‖x − µ‖2. Consider an image pair (Ii, Ij) each of
which is tessellated into NP non-overlapping blocks of size
16×16. For the block q, where q = [1, · · · , NP ], let
Iqj (p) = T [Iqi (p)|αq] ≈

∑
p αp,qK[Iqi (p)]. Here, p de-

notes each pixel intensity value; the summation is over all
pixel values within the qth block and µ indicates the av-
erage of the pixel intensity values within that block. For
Gaussian RBF, m = p, i.e., for a 16×16 block, αq is a 256-
dimensional vector. Simplifying using the matrix notation
yields Iqj ≈ αT

q B[I
q
i ], where B[Iqi ] = K[Iqi (p)],∀p. The

local least squares method is used to estimate the coefficient
vector αq for each block. Next, we compute the average α
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for the entire image as follows:

α =

∑NP

q=1αq

NP
, (4a)

=

∑NP

q=1

[
B[Iqi ]B[Iqi ]T

]−1B[Iqi ]Iqj
NP

. (4b)

For a 96×96 image, NP = 36.

4. Pairwise Similarity Measure Computation
and IPT-DAG Construction

The similarity measure computed between a pair of im-
ages serves two purposes: firstly, it can be used to determine
whether an image pair is photometrically related or not i.e.,
whether a link should exist between a pair of nodes (im-
ages) in the IPT; secondly, due to its asymmetric nature, it
should successfully discriminate between (Ii → Ij) and
(Ij → Ii) directions i.e., determine the direction of the link
by identifying the parent node and the child node. The pa-
rameters estimated using the basis functions are utilized to
compute this asymmetric similarity measure as described
below.

4.1. Likelihood ratio for computing the asymmetric
similarity measure

Given a pair of images, (Ii, Ij), we first use the tech-
niques described in the previous section to estimate the pa-
rameter vectors αij (assuming (Ii → Ij)) and αji (Ij →
Ii). But how can we convert these parameter vectors into
similarity values needed to generate the IPT? Our idea is to
determine the “likelihood ratio” that estimates the ratio be-
tween the probability that a given parameter set (say αij)
originates from a forward transformation to the probability
that it originates from a reverse transformation. Note that
for an image pair (Ir, Is), if we assume that we know Ir is
the original image and Is is the transformed image then the
forward transformation refers to (Ir → Is) and the reverse
transformation refers to (Is → Ir). Clearly, a higher ratio
would suggest that the estimated parameter set is likely to
correspond to a forward transformation rather than a reverse
transformation. But how can we estimate these two proba-
bility density functions, i.e., pf (α), the probability distribu-
tion of parameter vectors for forward transformations, and
pb(α), the probability distribution of parameter vectors for
reverse transformations?

To estimate these density functions, we take a large num-
ber of training images and subject each of them to an arbi-
trary transformation. Each transformation is drawn at ran-
dom from a set of four parametric photometric operations,
each of which has an arbitrarily large range of potential
parameters (see Table 1). For each image pair (i.e., origi-
nal image - Ir, and transformed image - Is), we estimate

the two parameter vectors, αrs and αsr, using the basis
functions approach discussed in the previous section. The
αrs vectors are used to estimate pf (α) and the αsr vectors
are used to estimate pb(α). Density estimation is accom-
plished using the non-parametric Parzen window estimation
scheme [22].

Given a test image pair, A and B, we first estimate the
two parameter vectors, αAB and αBA. Next, we compute

the likelihood ratio ΛAB as follows: ΛAB =
pf (αAB)

pb(αAB)
.

Similarly, ΛBA =
pf (αBA)

pb(αBA)
. These likelihood ratios

are used as similarity values in the similarity matrix. The
steps of similarity matrix computation are outlined in Algo-
rithm 1.

Algorithm 1: Similarity matrix computation.
Input: Set of n photometrically transformed images, probability

distribution for forward parameter distribution, pf (α) and
probability distribution for reverse parameter distribution,
pb(α)

Output: Similarity matrix, S, of size n× n
1 Estimate the parameters for the image pair (Ii, Ij) where,

(i, j) ∈ [1, · · · , n], i 6= j, using inverse compositional estimation
(ICE) for Legendre polynomials and least squares estimation
(LSE) for Gaussian RBFs in both forward and reverse directions:

αij = F (Ii, Ij) , αji = F (Ij , Ii).
Here, F = {ICE,LSE}

2 Compute the likelihood ratio:

Λij =
pf (αij)

pb(αij)
,Λji =

pf (αji)

pb(αji)
.

3 Compute the asymmetric similarity measure as follows:
Sij = Λij ; Sji = Λji,
Sij = 0, if i = j.

4 Return the similarity matrix, S

4.2. IPT-DAG Construction

Given a set of n near-duplicate images, the similarity
matrix S of size n × n is populated by the likelihood
ratio values computed using the process discussed above.
Sij = Λij ; i, j = [1, · · · , n] and i 6= j. The diagonal
elements of the similarity matrix are set to zero as we do
not consider self-loops in an IPT. The similarity matrix
is then employed for (i) identifying the candidate root
nodes and (ii) constructing the IPT-DAG. The steps for
accomplishing the aforementioned two tasks are described
below.

1. Construction of an indicator matrix: We first compute
the median2 η of the elements of S and use it as a threshold
to determine related nodes (images) (i, j). Thus, if the
likelihood ratio computed for an image pair exceeds the

2The reason for selecting median in contrast to other statistical mea-
sures such as mean, is to eliminate outliers resulting from extremely high
likelihood ratio values.
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Table 1. Photometric transformations and the range of the corresponding parameters used in the training and testing experiments. The
transformed images are scaled to [0, 255].

Photometric Transformations Level of
Operation Parameters Range

Brightness adjustment Global [a,b] a ∈ [0.9,1.5], b ∈ [-30,30]
Median filtering Local size of window [m,n] m ∈ [2,6], n ∈ [2,6]
Gaussian smoothing Global standard deviation stddev ∈[1,3]
Gamma transformation Global gamma gamma ∈ [0.5,1.5]

threshold, they are deemed to be related. The binary
indicator matrix 1 of size n × n, contains 1i,j = 1, if
Sij > η ∀i, j, i 6= j, else 1i,j = 0. The primary purpose
of the indicator matrix is to serve as an adjacency matrix
that can be used to construct a directed graph G (if the
indicator matrix contains a 1 in row i and column j, then
an edge exists between nodes i and j in G). If both 1ji = 1
and 1ij = 1, it indicates the presence of a cycle in G. In
such cases, we set 1ji = 0 if Sij > Sji else set 1ij = 0.
This ensures that no cycle exists between any pair of nodes.
As the indicator matrix is asymmetric, it guarantees that G
is acyclic.

2. Identification of candidate root nodes: We hypothesize
that the root node is more likely to be related to a majority
of the nodes in the graph G and, hence, should have higher
number of 1’s in the indicator matrix.3 Rather than locating
a single root node, we locate the top 3 candidates.

3. Generation of IPT-DAG: We can use the candidate
root nodes identified in the previous step and utilize each of
them in turn for constructing the IPT-DAG. However, this
approach is impractical as there is exactly one correct root
node, which should be used to construct a single IPT. So, in
this step, we assume that we are given the correct root node.
To derive the IPT, we perform depth first search (DFS) on
the graph G starting at the known root node. DFS helps us
in arriving at the sequence in which the nodes need to be
traversed starting from the root node. The indicator matrix
already encodes the relationships between the nodes and is
used for constructing the resultant IPT-DAG.

The steps of the IPT-DAG construction algorithm are
outlined in Algorithm 2.

5. Experimental Methodology
In this section, we describe the dataset and the experi-

mental protocols employed in this work.

5.1. Dataset

A total of 8,592 images corresponding to 1,678 subjects
from the Labeled Faces in the Wild (LFW) dataset [13] was
used in this work. We used a commercial-off-the shelf face

3This is a reasonable assumption since we allow ancestral edges also,
and not just parent-child edges.

Algorithm 2: IPT-DAG Construction.
Input: Similarity matrix, S, and Root node, R
Output: Set of top 3 candidates for root nodes,CandR and

phylogeny tree, IPT
1 Compute median, η, of the elements of S and use η as a threshold to

determine related nodes (images)
2 Construct the indicator matrix 1 of size n× n, such that

1i,j =

{
1, if Sij > η ∀i, j, i 6= j

0, otherwise.

3 Generate a graph, G using the indicator matrix such that i→ j if
1i,j = 1. Eliminate cycles if present

4 Identify the set of top 3 candidates for root nodesCandR, such
thatCandR(k) = argmax

i
1i,:

i ∈ {1, · · · , n}, k = {1, 2, 3}
5 Perform depth first search on G starting at R, resulting in
IPT = DFS(G,R)

6 ReturnCandR and IPT

recognition SDK to detect and crop faces, and resized all
the face images to a fixed size of 96 × 96. In this work, we
split the images into a training set containing 70% of the im-
ages and a test set containing 30% of the images. Thus, we
have a training set consisting of 5,865 images correspond-
ing to 1,210 subjects and a test set comprising of 2,727 im-
ages corresponding to 468 subjects. We utilized the training
set to compute the probability distribution of the parameter
vectors in the forward and reverse directions (pf (α) and
pb(α)). We used λ = 1 and multivariate density estimation
for computing the probability distribution of the parameter
vectors (see Section 4). We used the test set for evaluating
the proposed IPT reconstruction method.

5.2. Experimental Protocols

Here, we describe the four sets of experiments conducted
in this work.

5.2.1 Experiment 1: Efficacy of basis functions

In this experiment, we evaluated the ability of the basis
functions to accurately model the pairwise transformations.
We subjected the 5,865 images in the training set to four
photometric transformations: i) Brightness adjustment, ii)
Median filtering, iii) Gaussian smoothing, and iv) Gamma
transformation. The details of the transformations and the
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Table 2. Description of the dataset used in Experiment 2.
Set
identifier

Number of
IPTs

Number of
images

Number of
subjects

Set I 1,229 12,290 391
Set II 2,727 27,270 468

range of parameters used in this work is described in Ta-
ble 1. This resulted in 5,865 pairs of original and trans-
formed images. Then, we modeled, the relationship be-
tween these image pairs in the forward and reverse direc-
tions which resulted in 5,865 pairs of α’s (the coefficients
of the basis functions). We evaluated the efficacy of the ba-
sis functions on the training set since we utilize the proba-
bility distributions of the parameter vectors computed from
the training set (i.e., pf (α) and pb(α)) to estimate the like-
lihood ratio during testing. If the basis functions cannot
reliably model the relationship between photometrically re-
lated image pairs, then it will inevitably lead to inaccurate
IPT reconstruction.

5.2.2 Experiment 2: IPT Reconstruction

Each image in the test set was subjected to a random se-
quence of four transformations (see Table 1) to generate an
IPT having the configuration depicted in Figure 3. Thus,
each IPT contains 10 images; and we have a total of 2,727
IPTs and 27,270 images. The sequence of transformations
and the parameters governing each transformation were se-
lected randomly. This experiment evaluates the perfor-
mance of the proposed algorithm as a function of the num-
ber of IPTs. To accomplish this task, we created two sets:
Set I (subset) and Set II (full set). Set I contains 1,229 IPTs,
which is ∼ 50% of the 2,727 IPTs contained in Set II. The
details of the two sets are summarized in Table 2. Both sets
are subject-disjoint with respect to the training set. We then
analyze the benefits of using Legendre polynomials (of de-
grees 6 and 9) and Gaussian RBFs to model the pairwise
transformations between all images and to, ultimately, re-
construct the IPT. The metrics used for evaluation of the
proposed method are: i) root identification accuracy [11],
and ii) IPT reconstruction accuracy. The IPT reconstruction
consists of 2 steps. Firstly, identification of the correct root
node, and secondly, reconstructing the IPT assuming we
know the correct root node. The correct root node should
be one of the three outputs in CandR (see Algorithm 2).
So, we reported results upto Rank 3 for root identifica-
tion accuracy. The IPT reconstruction accuracy measures
the proportion of the correctly identified edges. Assum-
ing that we know the correct root node (since we have the
groundtruth IPTs), we assess how accurately we can recon-
struct the IPT using the proposed method (see Section 4.2).
In our work, we consider implicit ancestral links as correct
edges. The reconstruction accuracy metric is similar to the

‘Ancestry’ metric defined in [11], except that the denomina-
tor in our formulation depends only on the groundtruth IPT.
Thus, in our work we define IPT reconstruction accuracy as,
|Original edges ∩ Reconstructed edges|

|Original edges|
.

5.2.3 Experiment 3: Unseen transformations

Here, we performed an experiment where we tested our al-
gorithm on unseen photometric transformations, i.e., those
transformations that were not used in the training phase.
There are a number of photometric operations which can
be potentially used to alter the face images. The use of Pho-
toshop for image editing purposes has garnered significant
attention and, thus, it is useful to examine how the proposed
method fares when tested on images modified using such
commercial tools. We simulated 35 IPTs having 4 differ-
ent configurations as depicted in Figure 4. Each IPT con-
sisted of 5 images, and a total of 175 images corresponding
to 5 subjects were used in this experiment. The IPTs used
in this experiment were generated using Photoshop oper-
ations such as Selective Color, Hue/Saturation, Vibrance,
Brightness/Contrast and Curves. While we have considered
Brightness and Gamma transformations in our training ex-
periments, the range of parameters used by the Photoshop
filters are different from the parameter space used in gener-
ating the training set (see Table 1). We used Legendre 6 (see
Section 3.1) for computing the likelihood ratio of the esti-
mated parameters in this experiment. This is because Leg-
endre 6 resulted in the highest root identification and IPT
reconstruction accuracies in Experiment 2 (see Table 3).

5.2.4 Experiment 4: Cross-modality

Here, we performed an experiment where we tested our al-
gorithm on a dataset comprising of iris images which per-
tains to cross-modality testing. 726 IPTs were constructed

Figure 3. The IPT-DAG configuration comprising 10 nodes used
in Experiment 2. The bold lines indicate the first order depth in-
formation, i.e., the relationship between the parent and the child
node (image). The dashed lines indicate the ancestral links.

S. Banerjee and A. Ross, “Face Phylogeny Tree: Deducing Relationships Between Near-Duplicate Face Images Using Legendre Polynomials and Radial Basis Functions,” 
Proc. of 10th IEEE International Conference on Biometrics: Theory, Applications and Systems (BTAS), (Tampa, USA), September 2019



(a) (b) (c) (d)
Figure 4. IPT configurations used in Experiment 3.

Figure 5. The IPT-DAG configuration comprising of iris images
used in Experiment 4. The bold lines indicate the first order depth
information, i.e., the relationship between the parent and the child
node (image). The dashed lines indicate the ancestral links.

from 7,260 images corresponding to 37 subjects from the
CASIA v2 Device 2 datatset [1]. The IPTs were simulated
using a random sequence of 4 transformations and have the
same configuration as used in Experiment 2. An example
IPT is depicted in Figure 5. Here, the probability distri-
butions (i.e., pf (α) and pb(α)) were learnt from the face
images in the training phase while the test experiment in-
volves iris images. The objective of the proposed IPT re-
construction method is to model the relationship between
transformed images. We, therefore, hypothesize that the
proposed method learns transformation specific details and
not image specific details. This experiment tests the valid-
ity of this hypothesis. We used Legendre 6 with λ = 1 for
computing the likelihood ratio of the estimated parameters
in this experiment as it performed reasonably well in the
previous experiments.

6. Results and Discussion
In this section, we report results pertaining to the four

experiments.

6.1. Results for Experiment 1

The ability of the proposed basis functions to model the
photometric transformations of 5,865 image pairs is eval-
uated in terms of the residual pixel intensity difference be-
tween the actual target image and the target image generated

(a) (b)
Figure 6. The mean residual photometric errror (PE) is approxi-
mately close to zero for majority of the images in Experiment 1,
indicating the accurate modeling of the photometrically modified
images using the proposed method. The boxplots correspond to
the basis functions (Legendre polynomials and Gaussian RBFs)
used in (a) Forward modeling and (b) Reverse modeling.

(a) (b)
Figure 7. CMC curves corresponding to root identification accu-
racies at ranks 1, 2 and 3 for Set I and Set II used in Experiment
2.

from the source image using the basis functions. The resid-
ual pixel-wise difference is computed in both forward and
reverse directions. The boxplots generated using the resid-
ual differences are presented in Figure 6. The plots indicate
that the mean value of the residual photometric error is ap-
proximately close to zero indicating accurate modeling by
both basis functions.

6.2. Results for Experiment 2

The second set of experiments include two sets, Set I
and Set II; the former has smaller number of IPTs than the
latter. The objective of this set of experiments is to analyze
the performance of the proposed algorithm as the number of
trees is increased. The results are reported in terms of root
identification accuracy and IPT reconstruction accuracy in
Tables 3 and 4. In terms of Root identification accuracy,
Legendre 6 performs the best in Set I (89.91% at Rank 3),
whereas, Gaussian RBF performs the best in Set II (80.85%
at Rank 3). In terms of IPT reconstruction accuracy, Legen-
dre 6 performs the best (70.61% in Set I and 65.05% in Set
II) for both Sets I and II. As the number of IPTs increases
by about ≈ 121% from Set I to Set II, the Rank 3 root iden-
tification accuracy decreases by≈ 10% for Legendre 6. We
also computed the average number of edges in the recon-
structed IPTs. The number of edges in the reconstructed
IPT averaged over 2,727 IPTs is ≈ 20 which is < 45%
of the maximum number of possible edges (10C2 = 45).
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Cumulative matching characteristics (CMC) curves for the
root identification accuracies pertaining to Sets I and II are
provided in Figure 7.

The IPT reconstruction accuracy should be interpreted
from the perspective of the complexity of the problem. De-
termination of the ancestral links between a set of images
is a hard problem. The best performing algorithm in [9]
secures ≈ 80% accuracy in identifying ancestral links,
but their test images depict diverse heterogeneous natural
scenes unlike our homogeneous face images that make the
problem more difficult. We did not explicitly compare with
the linear and quadratic models used in [3] as the Legen-
dre polynomials used in this work implicitly include the
linear and quadratic polynomials in their formulation (see
Section 3.1). When we examined the values of the coeffi-
cients of α corresponding to the linear and quadratic terms,
we observed their median to be in the order of ≈ (10−80)
indicating their insignificance.

We also inspected the failure cases, where the correct
root node is not selected as the candidate root node in the
top 3 ranks. For such IPTs, we computed the Structural
Similarity Index [25] (SSIM) measure between the root
node (original image) and the leaf nodes. SSIM compares
the similarity between two images in terms of luminance,
contrast and structure. We observed that in such cases, the
SSIM exceeded 85%, which indicates that the sequence
of transformations hardly modified the root image thereby
making the problem more challenging. On the other hand,
in cases where the correct root node occurs in the top 3
ranks, the SSIM between root and leaf nodes was less than
70%.

Table 3. Experiment 2: Root identification and IPT reconstruction
accuracies for Set I. The best performing values are bolded.

Basis Functions
Root identification
accuracy (%)
Rank 1/2/3

IPT reconstruction
accuracy (%)

Gaussian RBF 65.25/81.04/87.79 66.15
Legendre 6 65.90/82.18/89.91 70.61
Legendre 9 54.68/72.90/82.42 66.44

Table 4. Experiment 2: Root identification and IPT reconstruction
accuracies for Set II. The best performing values are bolded.

Basis Functions
Root identification
accuracy (%)
Rank 1/2/3

IPT reconstruction
accuracy (%)

Gaussian RBF 56.44/71.87/80.85 63.84
Legendre 6 50.45/66.74/75.68 65.05
Legendre 9 51.12/68.61/79.17 64.59

6.3. Results for Experiment 3

Experiment 3 evaluates the generalization capability of
the proposed method over unseen transformations. The re-

sults are reported in Table 5 in terms of root identifica-
tion and IPT reconstruction accuracies. The results indi-
cate promising performance, barring the IPT 3 configura-
tion. Again, the lack of sufficient discrimination between
the images at successive depths, i.e., between the root node
and the leaf nodes, resulted in erroneous edge reconstruc-
tions in such cases.

Table 5. Experiment 3: Root identification and IPT reconstruction
accuracies for unseen transformations for the four IPT configura-
tions in Figure 4. The results are reported for Legendre 6.

IPT
Configuration

Root identification
accuracy (%)
Rank 3

IPT reconstruction
accuracy (%)

IPT1 66.67 82.22
IPT2 90 71.67
IPT3 77.78 44.44
IPT4 71.43 100

6.4. Results for Experiment 4

Experiment 4 demonstrates the generalization capability
of the proposed method across biometric modalities. Here,
the training was accomplished using face images and test-
ing was done on iris images. A root identification accuracy
of 87.88% was observed at Rank 3, and an IPT reconstruc-
tion accuracy of 67.53% was obtained, which is comparable
with the results reported in Experiment 2, where both train-
ing and testing involved face images (see Tables 3 and 4).
The results indicate that the proposed method generalizes
across datasets belonging to different modalities.

7. Summary
A novel approach to estimating an Image Phylogeny

Tree (IPT) from near-duplicate face images was described
in this paper. The proposed method uses Legendre Poly-
nomials and Gaussian Radial Basis Functions to paramet-
rically model the relationship between two near duplicate
images. Further, in order to distinguish between forward
and reverse transformations, the likelihood ratio of the esti-
mated parameters is used. Experimental results convey the
efficacy of the proposed basis functions in modeling photo-
metric transformations. In spite of the challenging nature of
the problem - as evidenced by the relatively limited litera-
ture on this topic - promising results were obtained for IPT
reconstruction. Experiments conducted in the unseen trans-
formation scenario and cross-modality scenario suggest the
generalizability of the proposed method to other domains.

Future work will focus on developing algorithms that
can handle a diverse variation of unseen photometric trans-
formations applied on a larger dataset. Moreover, we will
emphasize on developing a generalized algorithm that can
learn the relationships between near-duplicate images from
a global perspective rather than through a pairwise analysis.
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