ABSTRACT

Title of Dissertation:

MULTIMEDIA FORENSIC ANALYSIS VIA
INTRINSIC AND EXTRINSIC FINGERPRINTS

Ashwin Swaminathan, Doctor of Philosophy, 2008

Dissertation directed by: Professor Min Wu
Department of Electrical and Computer Engineering

Digital imaging has experienced tremendous growth in recent decades, and
digital images have been used in a growing number of applications. With such
increasing popularity of imaging devices and the availability of low-cost image
editing software, the integrity of image content can no longer be taken for granted.
A number of forensic and provenance questions often arise, including how an image
was generated; from where an image was from; what has been done on the image
since its creation, by whom, when and how. This thesis presents two different sets
of techniques to address the problem via intrinsic and extrinsic fingerprints.
The first part of this thesis introduces a new methodology based on intrinsic fingerprints for forensic analysis of digital images. The proposed method is
motivated by the observation that many processing operations, both inside and

outside acquisition devices, leave distinct intrinsic traces on the final output data.
We present methods to identify these intrinsic fingerprints via component forensic
analysis, and demonstrate that these traces can serve as useful features for such
forensic applications as to build a robust device identifier and to identify potential
technology infringement or licensing.
Building upon component forensics, we develop a general authentication and
provenance framework to reconstruct the processing history of digital images. We
model post-device processing as a manipulation filter and estimate its coefficients
using a linear time invariant approximation. Absence of in-device fingerprints,
presence of new post-device fingerprints, or any inconsistencies in the estimated
fingerprints across different regions of the test image all suggest that the image is
not a direct device output and has possibly undergone some kind of processing,
such as content tampering or steganographic embedding, after device capture.
While component forensics is widely applicable in a number of scenarios, it
has performance limitations. To understand the fundamental limits of component
forensics, we develop a new theoretical framework based on estimation and pattern
classification theories, and define formal notions of forensic identifiability and classifiability of components. We show that the proposed framework provides a solid
foundation to study information forensics and helps design optimal input patterns
to improve parameter estimation accuracy via semi non-intrusive forensics.
The final part of the thesis investigates a complementing extrinsic approach
via image hashing that can be used for content-based image authentication and
other media security applications. We show that the proposed hashing algorithm is
robust to common signal processing operations and present a systematic evaluation
of the security of image hash against estimation and forgery attacks.

MULTIMEDIA FORENSIC ANALYSIS VIA INTRINSIC AND
EXTRINSIC FINGERPRINTS

by
Ashwin Swaminathan

Dissertation submitted to the Faculty of the Graduate School of the
University of Maryland, College Park in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy
2008

Advisory Committee:
Professor
Professor
Professor
Professor
Professor

Min Wu, Chair / Advisor
K. J. Ray Liu
Alexander Barg
Adrian Papamarcou
Douglas W. Oard

c Copyright by
Ashwin Swaminathan
2008

DEDICATION

To my parents and my sister.

ii

ACKNOWLEDGEMENTS

I would like to express my deepest gratitude to my advisor, Prof. Min Wu, for
her guidance and support during my graduate study at the University of Maryland.
She has always encouraged me to be novel and engage in creative thinking and
reasoning. Her patience, never-say-die attitude, and perseverance have inspired
me to work harder and strive for the best. She has constantly taken an active
part in steering me to explore the depths and the breadths of my research and has
guided me through its several challenges. Her mentoring has been paramount in
improving the outcome of my research and her guidance has also impacted and
shaped my skills as a researcher. As my Ph.D. draws to a close and my career as
a researcher begins, I am confident that these very traits that I have imbibed will
aid me in my future endeavors.
I also appreciate Prof. K. J. Ray Liu for his invaluable advice and guidance
during my Ph.D. His vision and insights have been a constant guiding factor during
several stages of my Ph.D. He helped me formulate the right problems and address
the right questions. He has always encouraged me to think outside the box and
approach research from multiple perspectives. Additionally, I am also indebted to
Dr. Ton Kalker and Dr. Darko Kirovski for their encouragement, mentoring, and
research support during my internship at Hewlett-Packard Labs and Microsoft
Research, respectively. Both experiences were mentally stimulating and rich in
their learning experience.

iii

Further, I would like to thank Prof. Alexander Barg, Prof. Adrian Papamarcou,
and Prof. Douglas Oard for their valuable comments on my thesis and serving on
my dissertation committee. I am also grateful to Prof. Rama Chellappa for his help
and support during my graduate studies and his course on Pattern Classification
which was very useful for my Ph.D. work.
I would also like to thank my colleagues, collaborators, and office-mates at the
University of Maryland: Dr. Yinian Mao, Dr. Shan He, Dr. Hongmei Gou, Dr.
Guan-Ming Su, Avinash Varna, Wan-Yi Lin, Wenjun Lu, Wei-Hong Chuang, Prof.
Hong Zhao, Dr. Meng Chen, Dr. Ahmed Sadek, Steve Tjoa, Beibei Wang, and
Matthew Stamm. I have enjoyed the close working environment. I would also like
to thank Prof. Nasir Memon and Prof. Kivanç Mihçak for their valuable comments
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Chapter 1
Introduction
1.1

Motivations

Visual sensor technologies have experienced tremendous growth in recent decades.
The resolution and quality of electronic imaging has been steadily improving, and
digital cameras are becoming ubiquitous. Shipment of digital cameras alone has
grown from $46.4 million in 2003 to $62 million in 2004, and this forms an approximately $15 billion market worldwide [5]. Digital images taken by various imaging
devices have been used in a growing number of applications, from military and
reconnaissance to medical diagnosis and consumer photography. Consequently, a
series of new forensic issues arise amidst such rapid advancement and widespread
adoption of imaging technologies. For example, one can readily ask what kinds of
hardware and software components as well as their parameters have been employed
inside the devices? Given a digital image, which imaging sensor or which brand of
sensors was used to acquire the image? What kinds of legitimate processing and
undesired alteration have been applied to an image since it leaves the device? How
would you authenticate such device captured images?

1

Some of these forensic questions are related to identifying the source of the
digital image, and determining possible tampering or presence of hidden data.
Evidence obtained from such forensic analysis would provide useful forensic information to law enforcement and intelligence agencies as to if the given image
was actually captured with a camera (or generated by other means) and to establish the authenticity of the digital image. In this thesis, we present two different
approaches to address this problem based on intrinsic and extrinsic fingerprints.
Intrinsic fingerprints are internal traces left behind on the final digital image
by the image capturing device. Each digital device can be broken into a number
of its internal components, each performing a particular role. When the device
is used to take a picture, the information of the real-world scene passes through
the digital device and through each of its internal components before the final
image is formed. Each of these components in the digital device modifies the
input scene via a particular algorithm and leaves some intrinsic fingerprint traces
on the final output. In this thesis, we develop a new forensic methodology called
component forensics, which aims at identifying the intrinsic fingerprints left behind
by each component inside a visual device by inferring what algorithms/processing
are employed and estimating their parameter settings. Building upon component
forensics, we extend these ideas to address a number of larger forensic issues in
discovering technology infringement, protecting intellectual property rights, and
identifying acquisition devices.
For centuries, intellectual property protection has played a crucial role in fostering innovation, as it has been known for “adding the fuel of interest to the fire
of genius” since the time of Abraham Lincoln. Fierce competition in the electronic imaging industry has led to an increasing number of infringement cases filed
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in U.S. courts. The remunerations awarded to successful prosecution have also
grown tremendously, sometimes in billions of dollars. For example, the Ampex
Corporation has more than 600 patents related to digital cameras; and based on
one of the patents it has received more than $275-million compensation from lawsuits and settlements involving patent infringement cases with many digital camera
vendors [4].
According to the U.S. patent law [1], infringement of a patent consists of the
unauthorized making, using, offering for sale or selling any patented invention
during the term of its validity. Patent infringement is considered one of the most
difficult to detect, and even harder to prove in the court of law. The burden of
proof often lies on patent holders, who are expected to provide solid evidence to
substantiate their accusations. A common way to perform infringement analysis is
to examine the design and implementation of a product and to look for similarities
with what have been claimed in existing patents, through some type of reverse
engineering. However, this approach could be very cumbersome and ineffective.
For example, it may involve going over VHDL design codes of an IC chip in charge
of core information processing tasks, which is a daunting task even to the most
experienced expert in the field. Such analysis is often limited to the implementation
of an idea rather than the idea itself, and thus could potentially lead to misleading
conclusions [93, 144]. Component forensics is an important methodology to detect
patent infringement and protect intellectual property rights, by obtaining evidence
about the algorithms employed in various components of the digital device.
Component forensics also serves as a foundation to establish the trustworthiness of imaging devices [131]. With the fast development of tools to manipulate
multimedia data, the integrity of both content and acquisition device has become

3

particularly important when images are used as critical evidence in journalism, reconnaissance, and law enforcement applications. For example, information about
hardware/software modules and their parameters in a camera can help in building
camera identification systems. Such systems would provide useful acquisition forensic information to law enforcement and intelligence agencies about which camera
or which brand of camera is used to acquire an image. Additionally, component
forensics helps establish a solid model on the characteristics of images obtained directly from a camera. This in turn will facilitate tampering forensics to determine
if there has been any additional editing and processing applied to an image after
it has been captured by the camera.
We can classify component forensics into three main categories based on the
nature of the available evidence:
1. Intrusive Forensics: A forensic analyst has access to the device in question
and can disassemble it to carefully examine every part, including analyzing
any available intermediate signals and states to identify the algorithms employed in its processing blocks.
2. Semi Non-Intrusive Forensics: An analyst has access to the device as
a black box. He/she can design appropriate inputs to be fed into the device so as to collect forensic evidence about the processing techniques and
parameters of the individual components inside.
3. Non-Intrusive Forensics: An analyst does not have access to the device in
question. He/she is provided with some sample data produced by the device,
and studies them to gather forensic evidence.
The proposed research focuses on completely non-intrusive and semi non-intrusive
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component forensics of visual sensors, while the suggested technologies can be extended to other types of acquisition models. As a new addition to the emerging
field of digital forensic engineering, we propose a novel framework for analyzing
technologies employed inside digital cameras solely on output images/videos, and
develop a set of forensic signal processing algorithms to identify the parameters of
such important camera components as color filter array, color interpolation, and
white balancing. In the first part of this thesis, we show that successful development of the proposed intrinsic fingerprint methodologies offer a powerful framework
and solutions to a large number of critical forensic issues.
The final part of this thesis addresses the problem of multimedia forensics via
extrinsic fingerprinting. Extrinsic fingerprints are external signals that are added
to the image by the device after the image has been captured. These external
signals can then be used to establish the authenticity of digital data and determine
possible tampering. Compared with non-intrusive forensic analysis via intrinsic
fingerprints, the use of extrinsic fingerprints necessitates the presence of the device
at hand as the fingerprint needs to be added at the time of image acquisition.
While this requirement imposes some additional constraints on their applicability,
extrinsic fingerprinting techniques help build a content-based image authentication
scheme that is collision-resistant, robust to common signal processing operations,
and secure against estimation and forgery attacks, as will be shown in the thesis.

1.2

Thesis Organization

This dissertation is organized as follows. In Chapter 2, we introduce a system
model for digital imaging devices and identify the main components that go into
the making of the digital device and formulate the problem.
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Chapter 3 considers the problem of non-intrusive component forensics and proposes a set of forensic signal processing techniques to identify the algorithms and
parameters employed in individual processing modules in digital devices. We show
through detailed simulations that the proposed algorithms are robust to various
kinds of postprocessing that may occur in the camera and demonstrate that the
estimated intrinsic fingerprint traces can be employed to provide forensic evidence
for patent infringement cases, intellectual property rights management, and technology evolution studies for digital media.
In Chapter 4, we propose a set of forensic signal processing techniques to verify
whether a given digital image is an direct device output or not. We introduce a
new formulation to study the problem of image authenticity based on the observation that each in-device and post-device processing operation leave some distinct
intrinsic fingerprint traces on the final image. We model post-device processing as
a linear shift-invariant system and estimate its coefficients using blind deconvolution. The absence of in-device fingerprints from a test image indicates that the test
image is not a direct output of a digital device and is possibly generated by other
image production processes. Any change or inconsistencies among the estimated
in-device fingerprints, or the presence of new types of fingerprints suggest that
the image has undergone some kind of processing after the initial capture, such as
tampering or steganographic embedding.
Complementing the methods in Chapter 3 and 4 that identify the algorithms
and parameters of various parts of the information processing chain, Chapter 5
presents the theoretical aspect of multimedia forensics to help understand its limitations. Using ideas from estimation and pattern classification theories, we define formal notions of identifiability of components in the information processing
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chain. We show that the parameters of certain device components can be accurately identified only in controlled settings through semi non-intrusive forensics,
while the parameters of some others can be computed directly from the available
sample data via complete non-intrusive analysis.
We extend the theoretical framework to quantify and improve the accuracies
and confidence in component parameter identification for several forensic applications. In Chapter 6, we specifically consider applications of the theoretical analysis
to semi non-intrusive forensics. We assume the availability of the digital device;
and introduce a forensic methodology to estimate the component parameters more
accurately by devising good testing conditions and designing optimal input patterns. We experimentally verify that by careful choice of input and test conditions,
semi non-intrusive forensics can provide much lower errors and higher accuracies
in parameter estimation compared to completely non-intrusive forensics by better
capturing the intrinsic fingerprint traces.
Chapter 7 explores using extrinsic fingerprints in image authentication and
other media security applications. In this chapter, we develop a new algorithm for
generating an image hash based on Fourier transform features and controlled randomization. We formulate the robustness of image hashing as a hypothesis testing
problem and evaluate the performance under various image processing operations.
We then introduce a general framework to study and evaluate the security of image
hashing systems by quantifying its uncertainty in terms of differential entropy. We
show that the proposed hash function can provide excellent tradeoffs between security and robustness. The dissertation is concluded in Chapter 8, with discussions
on future perspectives.
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Chapter 2
System Model and Problem
Formulation
In this chapter, we introduce the system model for digital imaging devices and
formulate the problem of multimedia forensics. For our work, we use visual sensors
and images captured by devices employing these sensors for illustration, while the
suggested techniques can be appropriately modified and extended to other types
of acquisition models, and sensing technologies.1

2.1

Image Acquisition Model in Digital Cameras

Figure 2.1 shows the image capture model in digital cameras. As illustrated in
the figure, light from a scene passes through a lens and optical filters, and is
finally recorded by an array of sensors. Few consumer-level color cameras directly
acquire full-resolution information for all three primary colors (usually red, green,
1

In our ongoing work, we have extended the proposed forensic techniques for images produced

by other acquisition sources such as scanners [54, 55] and cell phone cameras [94].
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Figure 2.1: Image acquisition model in digital cameras.
and blue).2 This is not only because of the high cost in producing a full-resolution
sensor for each of the three colors, but also due to the substantial difficulty involved
in perfectly matching the corresponding pixels and aligning the three color planes
together. For these reasons, most digital cameras use a color filter array (CFA) to
sample real-world scenes.
A color filter array consists of an array of color sensors, each of which captures
the corresponding color of the real-world scene at an appropriate pixel location.
Some examples of CFA patterns are shown in Figure 2.2. The Bayer pattern,
shown in left corner of Figure 2.2, is one of the most popular CFA patterns. It
uses a square lattice for the red and blue components of light and a diagonal
lattice for the green color. The sensors are aligned on a square grid with the green
color repeated twice compared to the corresponding red and blue sensors. The
higher rate of sampling for the green color component enables to better capture
the luminance component of light and thus provides better picture quality [6].
After CFA sampling, the remaining pixels are interpolated using the sampled data.
Color interpolation (also known as demosaicking) is an important step to produce
an output image with full resolution for all three color components [7, 112].
2

New digital cameras employing Foveon X3 sensor, such as Sigma SD9 and Polaroid x530,

capture all the three colors at each pixel location [2].
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Figure 2.2: Sample color filter arrays.
To facilitate discussions, let S be the real-world scene to be captured by the
camera and let p be the CFA pattern matrix. S(x, y, c) can be represented as a
3-D array of pixel values of size H × W × C, where H and W represent the height
and the width of the image, respectively, and C = 3 denotes the number of color
components (red, green, and blue). The CFA sampling converts the real-world
scene S into a three dimensional matrix Sp of the form


 S(x, y, c) if p(x, y) = c,
Sp (x, y, c) =


0
otherwise.

(2.1)

After the data obtained from the CFA is recorded, the intermediate pixel values
corresponding to the points where Sp (x, y, c) = 0 in (2.1) are interpolated using
(I)

its neighboring pixel values to obtain Sp .
The performance of color interpolation directly affects the quality of the image
captured by a camera [6,7,68]. There have been several commonly used algorithms
for color interpolation. These algorithms can be broadly classified into two categories, namely, non-adaptive and adaptive algorithms. Non-adaptive algorithms
apply the same type for interpolation for all pixels in a group. Some typical examples of non-adaptive algorithms include the nearest neighbor, bilinear, bicubic, and
smooth hue interpolations [7]. Traditionally, the bilinear and bicubic interpolation
algorithms are popular due to their simplicity and ease in hardware implementation. However, these methods are known to have significant blurring along edge
regions due to averaging across edges. More computationally intensive adaptive
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algorithms employing edge directed interpolation, such as the gradient based [92]
and the adaptive color plane interpolation [56], have been proposed to reduce the
blurring artifacts.
After interpolation, the three images corresponding to the red, green and the
blue components go though a post-processing stage. In this stage, depending on
the camera make and model, the images may undergo different processing operations [6, 7] which might include white balancing, color correction, gamma correction, lens vignetting correction, lens distortion removal, denoising, etc. Finally,
the image may be JPEG compressed to reduce storage space to produce the output image Sd . For our work, we model all such post-interpolation processing as a
combined post-processing block as shown in Figure 2.1.

2.2

Problem Formulation

In this thesis, we consider two approaches to multimedia forensics based on intrinsic
and extrinsic fingerprints. These approaches are summarized in Figure 2.3 and
Figure 2.4, respectively.

2.2.1

Forensic Analysis via Intrinsic Fingerprints

The system model for component forensics based on intrinsic fingerprint analysis is
shown in Figure 2.3. As discussed in Chapter 1, the problem of component forensics
deals with a methodology and systematic procedure to find the algorithms and
parameters employed in various components in the device. Component forensics
works by estimating the intrinsic fingerprint traces that are left behind in a digital
image when it goes though various processing blocks in the information processing
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Figure 2.3: System model for intrinsic fingerprinting.
chain, and uses such traces for estimating component parameters. We classify the
intrinsic fingerprint traces into two categories, namely, in-camera and post-camera
fingerprints. Using a detailed imaging model, as described in Section 2.1, and its
component analysis, we estimate the intrinsic fingerprints of the various in-camera
processing operations. Specifically, we focus on such important camera components
as color filter array and color interpolation and present methods to identify them
based on the traces left behind on the final camera output (corresponding to the
point A in Figure 2.3). The details of this work are presented in Chapter 3.
After the image has been produced by the camera, additional processing operations may be done using softwares such as Adobe Photoshop, Google Picasa,
GIMP, etc. to further improve the picture quality and/or tamper with the image.
In our system model, we represent such post-camera processing as an additional
manipulation block as shown in Figure 2.3. Given the test image St , we assume
that it is a manipulated camera output corresponding to the point B in Figure 2.3,
and is obtained by processing the actual camera output Sd (point A in the figure)
using the manipulation block. We introduce a two-step approach to detect postcamera manipulations. In the first step, we characterize the properties of a direct
camera output using a camera model, and estimate its component parameters and
the intrinsic fingerprints. We then represent the post-camera processing applied

12

Camera /
Image Acquisition
Source

Real world scene

B

A

Manipulation
block

St

Extrinsic
Fingerprint

Sd

Extrinsic
Fingerprint

Verification

Digital image

Figure 2.4: System model for extrinsic fingerprinting.
on Sd as a combination of linear and non-linear operations in the second step,
and approximate them with a linear shift-invariant filter. The coefficients of this
manipulation filter, estimated using blind deconvolution, serve as our post-camera
fingerprints. In Chapter 4, we describe the estimation algorithm in detail.

2.2.2

Forensic Analysis via Extrinsic Fingerprints

As discussed in Chapter 1, extrinsic fingerprints are external signals added to the
image by the camera after capture. They can be employed to establish the authenticity of images and determine possible tampering of hidden data. Figure 2.4
shows the system model for extrinsic fingerprinting. After the image has been
captured by the camera, the camera inserts an extrinsic fingerprint, either in the
form of a watermark embedded with the image or in the form of a hash appended
along with the image. The image is then transmitted over the manipulation channel along with the extrinsic fingerprint. At the receiver end, the authenticator
computes the extrinsic fingerprint of the manipulated image and compared them
with the ones transmitted along with the data for verifying its authenticity. A
high similarity among the estimated fingerprints from the manipulated image and
the transmitted fingerprints suggests that the image has not undergone any manipulation after capture. On the other hand, a low similarity implies that image
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has been manipulated via tampering or steganographic embedding operations. In
this way, extrinsic fingerprints can help establish the authenticity of multimedia
data. Chapter 7 will present details about the framework and design of extrinsic
fingerprints.
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Chapter 3
Non-Intrusive Component
Forensics
In this chapter, we consider the problem of non-intrusive forensic analysis of digital
cameras. We use sample images obtained from a digital camera under diverse and
uncontrolled scene settings to determine the algorithms (and their parameters)
employed in internal processing blocks. In particular, given an camera output image Sd (refer Figure 2.1), we focus on finding the color filter array pattern and
the color interpolation algorithms, and show that the forensic analysis results of
these components can be used as a first step in reverse engineering the making
of a digital camera. The features and acquisition models that we develop in this
chapter can be used to construct an efficient camera identifier that determines the
brand/type of camera used to take the image. Further, our forensic algorithms
can quantitatively help ascertain the similarities and differences among the corresponding camera components of different cameras. For devices from different
vendors, the digital forensic knowledge obtained from such analysis can provide
clues and evidence on technology infringement or licensing, which we shall refer to
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as infringement/licensing forensics and will assist the enforcement of intellectual
rights protection and foster technology innovation. For devices of the same brand
but of different models released at different years and/or at various price tiers, our
analysis forms a basis of evolutionary forensics, as it can provide clues on technology evolution. In the subsequent sections, we describe our proposed methodology
and algorithms, and demonstrate their effectiveness with detailed simulation results and case studies. Later in Chapter 4, we show that the component forensic
techniques can be employed to build a ground truth camera model to facilitate
tampering forensics.
This chapter is organized as follows. We begin by reviewing prior work in nonintrusive forensic analysis in Section 3.1. In Section 3.2, we present methods to
identify the CFA pattern and the color interpolation algorithm. We then illustrate
proofs of concept with synthetic data in Section 3.3.1 and present results with a
real data set of 19 cameras in Section 3.3.2. The estimated model parameters are
used to construct a camera identifier and to study the similarities and differences
among the cameras in Section 3.4. Section 3.5 generalizes the proposed methods
to extend to other devices. The chapter is summarized in Section 3.6.

3.1

Related Work on Non-Intrusive Forensics

In literature, methods have been proposed to help identify the brand and model of
the device just based on output data [10,14,15,21,26,69,70,70,75,83,112,136,136].
Choi et al. propose to employ the radial component of the lens distortion for camera identification [26] based on their hypothesis that the radial component varies
among different camera models. The authors show through their simulation results
that they can achieve a classification accuracy close to 91% over three different
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camera models using this approach. In [70], Kharrazi et al. proposed a set of
34−features for camera identification aiming to model the image-capture process
in digital cameras. The set of features include: average pixel value, RGB pairs correlation, neighbor distribution center of mass, RGB energy ratio, wavelet domain
statistics [36], and image quality metrics [10]. The authors employ SVM for classification and report accuracies close to 88% when tested with pictures captured under
controlled input conditions from five camera models of three different brands. The
same set of features were also tested for camera identification in [136] where they
report accuracies close to 95% over four different camera models from two different
models again under controlled input conditions, and for cell phone camera identification in [21] with an accuracy close to 62.3% over 9 cell phone camera brands.
These work do not target at explicitly estimating the various components of the
information processing chain and only try to extract representative features for
camera identification. Further, it is not clear as to which of these features enables
identification, which might become very important in forensic investigations.
Chen and Hsu proposed a camera identification method based on camera gain
histograms and features obtained from modelling camera noise to obtain an accuracy close to 85% over two camera models [25]. In [112], the authors employ
Expectation/Maximization (EM) algorithms to estimate the color interpolation
coefficients for forensic analysis. The authors first assume that the image pixels
belong to one of the two hypothesis: (a) the pixel is linearly correlated to its
neighbors and is obtained by a linear interpolation algorithm, and (b) the pixel is
not correlated to its neighbors. Based on this assumption, the authors propose a
two-step EM algorithm to estimate the CFA coefficients [112]. In the expectation
step, the probability of each sample belonging to the two models is estimated, and
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the specific form of the correlations is found in the Maximization step. The EM
algorithm generates two outputs: a two-dimensional probability map indicating
the likelihood of the pixel belonging to the two models and the weighting coefficients. Using these two outputs from the EM algorithm, Bayram et al. developed
a camera identification method employing the weighting coefficients and the peak
location and magnitudes of the frequency spectrum of the probability map as features [15]. Images captured from two cameras under controlled input conditions
along with randomly acquired images from the Internet for the third camera were
used for in the experiments, and the authors report accuracies close to 84% on
three brands [15] when 20% of the 140 images were used in training and the remaining 80% employed in testing. Further improvements to this algorithm were
made in [14] by separately considering smooth and non-smooth regions in the image to obtain accuracies close to 96% for three camera brands. Quadriatic pixel
correlation model was used in [83] where the color interpolation coefficients were
approximated by a linear model to give a classification accuracy close to 80%. Compared with these work on camera identification [14, 15, 70, 83, 136], the component
forensics methodology described in this dissertation provides better discriminating power by doing a joint estimation of the CFA pattern and the interpolation
algorithm.
Geradts et al. examine the effects of CCD pixels and used them to match
images to the source camera [50]. Building upon these techniques Lukas et al. introduced a method for camera identification by estimating the pixel non-uniformity
noise, which is a dominant component of the photo-response non-uniformity noise,
inherent to an image sensor to distinguish between two cameras of the same brand,
model, and set [85]. In the training phase of the algorithm, a wavelet based de-
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noising algorithm is employed to obtain an estimate of the pixel non-uniformity
noise and the random component of this noise is eliminated by averaging the estimates from a number of images. In the testing phase, to determine whether a
given image is captured by a digital camera or not, the noise pattern from the
image is obtained and correlated with the average noise pattern (also called the
‘reference pattern’) of the given digital camera. A correlation value greater than
the pre-chosen threshold suggests that the given image is from the digital camera.
The authors show that such an approach can identify the digital camera source
with 100% accuracy when tested with high quality images. While useful in some
forensic tasks when a suspicious camera is available for testing, this approach does
not provide information about the internal components and cannot be used for
identifying common features tied to the same camera models and brands.
Compared to these alternative approaches, the component forensic techniques
introduced in our work are less dependent on input scenes and are robust against
various common in-camera processing, and provide a high classification accuracy
over a much larger database, as will be seen in as will be seen in Section 3.3.2.

3.2

Parameter Estimation of Camera Components

In this section, we develop a robust and non-intrusive algorithm to jointly estimate
the CFA pattern and the interpolation coefficients by using only the output images
from cameras. The proposed algorithm is schematically illustrated in Figure 3.1.
Our algorithm estimates the color interpolation coefficients in each local region
through texture classification and linear approximation, and finds the CFA pattern
that minimizes the interpolation errors [125, 128].
More specifically, we establish a search space of CFA patterns based on common
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Figure 3.1: Algorithm to estimate color filter array and color interpolation coefficients.
practice in digital camera design. We observe that most commercial cameras use
a RGB type of CFA with a fixed periodicity of 2 × 2 that can be represented as
C1 C2 . . .
C3 C4 . . .
..
.. . .
.
.
.
where Ci ∈ {R, G, B} is the color of the corresponding sensor at a particular
pixel location. In typical digital cameras, each of the three types of color sensors
(R, G, and B) appears at least once in a 2 × 2 cell, resulting in a total of 36
possible patterns in the search space, denoted by P. For every CFA pattern p in
the search space P, we estimate the interpolation coefficients in different types of
texture regions of the image by fitting linear filtering models. These coefficients
(p)

are then used to re-estimate the output image Ŝd , and find the interpolation error
(p)

(Ŝd − Sd ). We now present the details of the proposed algorithm.
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3.2.1

Texture Classification and Linear Approximation

We approximate the color interpolation to be linear in chosen regions of the image [123]. We divide the image into three kinds of regions based on the gradient
features in a local neighborhood. Defining Ix,y = Sd (x, y, p(x, y)), the horizontal
and vertical gradients at the location (x, y) can be found from the second order
gradient values using
Hx,y = |Ix,y−2 + Ix,y+2 − 2Ix,y |,

(3.1)

Vx,y = |Ix−2,y + Ix+2,y − 2Ix,y |.

(3.2)

The image pixel at location (x, y) is classified into one of the three categories:
• Region ℜ1 contains those parts of the image with a significant horizontal
gradient for which (Hx,y − Vx,y ) > T , where T is a suitably chosen threshold;
• Region ℜ2 contains those parts of the image with a significant vertical gradient and is defined by the set of points for which (Vx,y − Hx,y ) > T ; and
• Region ℜ3 consists of the remaining parts of the image which are mostly
smooth.
Using the final camera output Sd and the assumed sample pattern p, we identify
the set of locations in each color of Sd that are acquired directly from the sensor
array. We approximate the remaining pixels to be interpolated with a set of linear
equations in terms of the colors of the pixels captured directly. In this process,
we obtain nine sets of linear equations corresponding to the three types of regions
ℜm (m = 1, 2, 3) and three color channels (R, G, B) of the image.
Let the set of Ne equations with Nu unknowns for a particular region and color
channel be represented as Ax = b, where A of dimension Ne × Nu and b of dimension Ne ×1 specify the values of the pixels captured directly and those interpolated,

21

respectively, and x of dimension Nu × 1 stands for the interpolation coefficients to
be estimated. To cope with possible noisy pixel values in A and b due to other
in-camera operations following interpolation (such as JPEG compression), we employ singular value decomposition [137] to estimate the interpolation coefficients.
Let A0 and b0 represent the ideal values of A and b in the absence of noise, and
the errors in A and b be denoted by E and r, respectively, so that
A = A0 − E,

b = b0 − r,

The values of x are found by solving the minimization problem
min ||[E r]||F ,
E,r

subject to the constraint that A0 x − b0 = 0. Equivalently this can be written as


 x 
[A + E, b + r] 
(3.3)
 = 0.
−1

Here ||.||F denotes the Frobenius norm of the matrix, so that
||[E r]||F =

Nu
Ne X
X

m=1 n=1

|e(m, n)|2 +

Ne
X

m=1

|r(m)|2

The solution to the minimization problem can be written as


1
 x 
vNu +1 ,

=−
v
N
+1,N
+1
u
u
−1

!1/2

.

(3.4)

(3.5)

where vNu +1 represents the (Nu + 1)th right singular vector of the combined matrix

[A b].
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3.2.2

Finding the Interpolation Error and the CFA Sampling Pattern

Once we find the interpolation coefficients in each region, we use them to reinterpolate the sampled CFA output in the corresponding regions ℜm , to obtain
(p)

an estimate of the final output image Ŝd . Here, the superscript p denotes that
the output estimate is based on the choice of the CFA pattern p. The pixel-wise
difference between the estimated final output and the actual camera output image
(p)

is e(p) = Ŝd − Sd . The interpolation error matrix e(p) of dimension H × W × C is
obtained for all candidate search patterns p ∈ P. Denoting the interpolation error
in the red color component as e(p) (., ., 1) and so on, the final error is computed by
a weighted sum of the errors of the three color channels:
ε(p) = wR ||e(p) (., ., 1)||2F + wG ||e(p) (., ., 2)||2F + wB ||e(p) (., ., 3)||2F

(3.6)

The CFA pattern p̂ = arg minp∈P ε(p) that gives the lowest overall absolute value
of the weighted error is chosen as the estimated pattern. The constants wR , wG ,
and wB denote the corresponding weights used for the three color components (red,
green, and blue), and their values are based on the relative significance of the magnitude of errors in the three colors. In our experiments, we choose wR = wB = 1
and wG = 2 to give more importance to the error in the green channel as it provides
more information about the luminance values of the pixel [6]. The interpolation
coefficients corresponding to the estimated CFA pattern p̂ for all three types of
regions and the three color channels are also obtained in this process. These coefficients can then be directly used to obtain the parameters of the components
in the imaging model, as will be shown later in Section 3.3.2. They can also be
processed to obtain further forensic evidence, as will be demonstrated by several
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case studies in Section 3.4.

3.2.3

Reducing the Search Space for CFA Patterns

The search space for the CFA patterns can be reduced using a hierarchial approach.
As an example, we synthetically generate a 512 × 512 image, sample it on the
Bayer pattern, and interpolate using the bicubic method. In Figure 3.2, we show
the detection statistics ds (p) given by
ds (p) =

ε(p)
,
H × W × (wR + wG + wB )

(3.7)

and sorted in ascending order for the 36 different CFA patterns. In this case, the
Bayer pattern gave the lowest interpolation error and was correctly identified. A
closer look at the results in Figure 3.2 reveals that the detection statistics form
three separate clusters, with some values close to 0, some around 0.3 − 0.4, and
others close to 0.7. A similar trend is also observed for real camera data and other
synthetically generated images sampled on different CFA patterns and interpolated
with the six representative interpolation techniques reviewed in Appendix I of
this chapter. This observation forms the basis for the heuristic discussed in this
subsection to reduce the search space of the CFA patterns.
Figure 3.3 shows sample patterns from these three clusters. Cluster 1 includes
all 2 × 2 patterns that have the same color along diagonal directions (either along
the main diagonal or off-diagonal), chosen among the three colors (red, green, or
blue). The remaining two spots can be filled in two different ways, giving a total
of 12 such patterns in the first cluster. Cluster 2 and Cluster 3 consists of patterns
that have the same color along the horizontally (or vertically) adjacent blocks of
the 2 × 2 grid. Cluster 2 has either red or blue color repeated to produce a total
of 16 possible patterns. The remaining eight patterns with green appearing twice
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form Cluster 3. In this example, the Bayer pattern is the actual color filter array
and the patterns from first cluster give lower errors compared to the other clusters.
The patterns from Cluster 3 gives the highest error values because the error in the
green color channel is penalized more with the weight assignment wG = 2 and
wR = wB = 1 in (3.6).
The observation of clustering of patterns into three groups helps us develop
a heuristic to reduce the search space of CFA patterns. We first divide the 36
patterns into three groups and choose one representative pattern from each of the
three classes. The interpolation error is then estimated for these representative
patterns to find the cluster that the actual CFA pattern is most likely to belong.
Finally, a full search is performed on the chosen cluster to find the pattern with
the lowest interpolation error. The number of searches required to find the optimal
solution can be reduced to around 10. If additional information about the patterns
are available, it may be used to further reduce the search space. For instance, a
forensic analyst may choose to test only on those CFA patterns that have two green
color components if he/she has such prior knowledge about the visual sensor.

3.2.4

Evaluating Confidence in Component Parameter Estimation

In addition to identifying the parameters of the internal building blocks of the
camera, it is also important to know the confidence level on the estimation result.
A higher confidence value in estimation would increase the trustworthiness of the
decision made by a forensic analyst.
We propose an entropy based metric to quantify the confidence level on the
estimation result. Given a test image, we estimate its interpolation coefficients and
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Figure 3.2: Sorted detection statistics in terms of normalized overall error for
different candidate search patterns.

Figure 3.3: Sample CFA patterns from the three clusters.
provide it as an input to a c−class SVM classifier that is trained on the coefficients
of the c candidate interpolation methods. The probability that a given test sample
comes from the ith class, qi , is estimated from the soft decision values using the
probabilistic SVM framework [148], and the test data point is classified into class k
if qk is larger than the other probabilities. Some details of the probabilistic SVMs
are included in Appendix II of this chapter for readers’ reference. The confidence
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score η on the decision is then defined as

Pc
η = 2Υ 1 −

i=1 qi

log2

log2 c

 
1
qi

.

(3.8)

where Υ(y) = z is defined as the inverse binary entropy function such that
1
y = −z log2 (z) − (1 − z) log2 (1 − z) for 0 ≤ z ≤ .
2
The argument to the Υ function in (3.8) measures the entropy difference between
the distribution {qi } and a discrete uniform distribution, and the final value of η
is normalized to the range of [0, 1] to represent a probability.
To verify that the proposed metric η can reflect the confidence level, we examine
two extreme cases. When q = [1, 0, 0, . . . , 0], the decision of choosing the first
class is made with a very high confidence and η = 1. And when q = [ 1c + ǫ,
ǫ
ǫ
, 1 − c−1
,
c−1 c

1
c

−

ǫ
. . . , 1c − c−1
] where ǫ is a small positive real number, there is an almost

equal probability that the given data sample comes from any of the c classes. In
this case, the decision is made with a very low confidence and η also approaches
zero. For other values of q between these two extreme cases, the value of η would
lie in the interval [0, 1], with a higher value indicating more confidence in the
decision.

3.3
3.3.1

Experimental Results
Simulation Results with Synthetic Data

We use synthetic data constructed from 20 representative images to study the
performance of the proposed techniques. The original images are first downsampled
to remove the effect of previously applied filtering and interpolation operations.
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They are then sampled on the three different CFA patterns as shown in Figure 2.2.
Each of the sampled images are interpolated using one of the six interpolation
methods reviewed in Appendix I of this chapter, namely, (a) Bilinear, (b) Bicubic,
(c) Smooth Hue, (d) Median Filter, (e) Gradient based, and (f) Adaptive Color
Plane. Thus, our total dataset contains 20 × 3 × 6 = 360 images, each of size
512 × 512.
Simulation Results under no Post-processing
We test the proposed CFA pattern and color interpolation identification algorithms
on this synthetic data set. In the noiseless case with no post-processing, we observe
no errors in estimating the CFA pattern. We use a 7 × 7 neighborhood to estimate
the interpolation coefficients for the three color components in the three types of
texture regions, and pass it to a classifier to identify the interpolation algorithm. A
support vector machine (SVM) classifier with a third-degree polynomial kernel [19]
[22] is used to identify the interpolation method. We randomly choose 8 out of
the 20 images from each of the six interpolation techniques as ground truth for
training and the remaining 12 images for testing. We repeat the experiment 500
times with a random set of images each time. The classifier is 100% accurate in
identifying the correct color interpolation algorithm without any errors.
Simulation Results with Post-processing
As mentioned earlier, post-processing such as color correction and compression
are commonly done in nearly all commercial cameras. Therefore, to derive useful forensic evidence from output images, it is very important that the proposed
methods be robust to the common post-processing operations done in cameras.
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In this work, we primarily focus on JPEG compression and additive noise, and
study the performance under these distortions. Other post-processing operations
such as color correction and white-balancing are typically multiplicative, where the
final image is obtained by multiplying the color interpolated image by appropriately
chosen constants in the camera color space. In most commercial cameras, white
balancing is done in the XY Z color space [150], and the inverse transformation
may be applied before estimating the color interpolation coefficients. The multiplicative factors used in white balancing operations operate on each color channel
separately [39], and therefore white balancing operations do not significantly affect
our solution of the color interpolation coefficients. Gamma correction can be estimated from the final output images [34] and can be undone before computing the
interpolation coefficients. For the results presented in this sub-section, we directly
obtain the coefficients from the output images and do not perform inverse gamma
correction based on the estimated values of gamma. Later in Section 3.3.2, we
show that the estimation results are robust to gamma correction distortions.
(i ) Performance Results Under JPEG compression:

JPEG compression

is an important post-processing operation that is commonly done in cameras. The
noise introduced by compression could potentially result in errors in estimating
the color interpolation coefficients and the CFA pattern. We test the proposed
CFA pattern identification algorithm with the synthetic data obtained under different JPEG quality factors {20, 30, . . . , 80, 90, 99}. We find that in all cases, the
estimator gives very good results and the correct CFA pattern is always identified.
Next, we study the accuracy in identifying the color interpolation when the
synthetically generated images are JPEG compressed. Here, we consider two possible scenarios. In the first case, a forensic analyst does not have access to the
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camera(s) and therefore does not have control over the input(s) to the device.
He/she makes a judgement based on the forensic evidence obtained from the images submitted for trial. In this scenario, the pictures obtained with different
interpolation methods would correspond to different scenes, which we shall call
as the multiple-scene case. The performance of the proposed color interpolation
identification for the multiple-scene case at different JPEG quality factors is shown
in Figure 3.4(a). Here we use a total of 12 images (two distinct images for each of
the six interpolation methods) for training, and test with the remaining 8 images
under each interpolation (8 × 6 = 48 in total). The experiment is repeated 500
times by choosing a random training set each time. We observe that the average
percentage of images for which the interpolation technique is correctly identified
is around 95–100% for moderate to high JPEG quality factors of 80–1001 and the
average performance reduces to 80–85% for quality factors from 50–80.
Alternatively, if a forensic analyst has access to the camera, he/she can perform
controlled testing by choosing the input to the cameras so as to reduce the impact
of the input’s variation on the forensic analysis. In this scenario, the analyst
may consider taking similar images with all the cameras under study, in order
to improve the estimation accuracy and increase the confidence level on his/her
final judgement. We call this situation the single-scene case. The single-scene
case corresponds to the semi non-intrusive forensic analysis discussed earlier in
Chapter 1. The performance of the proposed color interpolation technique for this
case for different JPEG quality factors is shown in Figure 3.4(b). Here we use 8
images under the six interpolation techniques for training (48 in total) and the
1

Most commercial digital cameras employ JPEG compression with quality factors between 80

and 100
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72 remaining images for testing. We observe that for most JPEG quality factors,
the average percentage of images for which the color interpolation technique is
correctly identified is around 96% and thus the forensic decision can be made with
a higher confidence compared to the multiple-scene case. The accuracy can be
further improved using more images with representative characteristics for training.
This suggests that with an increasing number of well-designed image inputs to the
system, the detection performance can be enhanced.
(ii ) Performance Results Under Additive Noise: Additive noise can be used
to model the sensor noise and several other kinds of random post-processing operations that may occur during the scene capture process. In order to study the noise
resilience of a forensics system, we test the proposed CFA pattern identification
algorithm with the images obtained under different noise levels with peak-signal
to noise ratios (PSNRs) of 15, 20, 30, and 40 dB, respectively. The correct CFA
pattern was identified in all but one cases, and the only error occurred at an extremely low PSNR of 15dB for an image interpolated with the adaptive color plane
method. Even in this case, the correct pattern came in the top three results.
We then study the identification performance of the color interpolation method
under additive noise. The performance for synthetic data, averaged over 500 iterations, for the multiple-scene and the single-scene case are shown in Figure 3.5(a)
and Figure 3.5(b), respectively. We observe that there is around 90% accuracy for
the multiple-scene case and it increases to around 95% for the single-scene scenario.

3.3.2

Results on Camera Data

A total of 19 camera models as shown in Table 3.1 are included in our experiments.
For each of the 19 camera models, we have collected about 40 images. The images
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Figure 3.4: Fraction of images for which the color interpolation technique is correctly identified under different JPEG compression quality factors. The testing
results here are with the synthetic dataset.
from different camera models are captured under uncontrolled conditions−different
sceneries, different lighting situations, and compressed under different JPEG quality factors as specified by default values in each camera. The default camera settings (including image size, color correction, auto white balancing, JPEG compression, etc.) are used in image acquisition. From each of these images, we randomly
choose five non-overlapping 512 × 512 blocks per image and use it for subsequent
analysis. Thus, our database consists of a total of 3800 different 512 × 512 pictures
with 200 samples for each of the 19 camera models.
Note that all the cameras in our database use RGB type of CFA pattern with
red, green, and blue sensors. The search space for CFA in our experiments focusses
on such RGB type CFA, since it has been widely employed in digital camera design
and most cameras in the market currently use this pattern or its variations. There
are a few exceptions in CFA designs, for example, some models use CMYG type of
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Figure 3.5: Fraction of images for which the color interpolation technique is correctly identified under different noise PSNR’s. The testing results here are with
the synthetic dataset.
CFA that captures the cyan, magenta, yellow, and green components of light [7].
We believe that the proposed algorithms may be extended to identify CMYG type
CFA patterns by incorporating an appropriate set of CMYG combinations in the
search space, and we plan to test cameras with such patterns as part of our future
work.
Among RGB type CFA patterns, several layouts of the three types of color
filters have been used in practice. The 2 × 2 square arrangement is the most
popular and most digital cameras utilize a shifted variation of the Bayer pattern
to capture the real world scene. Recently introduced super CCD cameras [3] have
sensors placed as shown in Figure 3.6. To test the performance of the proposed
algorithms to such cameras, we include images from the Fujifilm Finepix A500
(camera no. 17) that uses super CCD [3] in our database.
As an initial step, we try to estimate the CFA pattern from the output images
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Table 3.1: Camera models used in experiments.
No.

Camera Model

No.

Camera Model

1

Canon Powershot A75

11

Olympus C3100Z/C3020Z

2

Canon Powershot S400

12

Olympus C765UZ

3

Canon Powershot S410

13

Minolta DiMage S304

4

Canon Powershot S1 IS

14

Minolta DiMage F100

5

Canon Powershot G6

15

Casio QV 2000UX

6

Canon EOS Digital Rebel

16

FujiFilm Finepix S3000

7

Nikon E4300

17

FujiFilm Finepix A500

8

Nikon E5400

18

Kodak CX6330

9

Sony Cybershot DSC P7

19

Epson PhotoPC 650

10

Sony Cybershot DSC P72

Figure 3.6: Super CCD sensor pattern.
using the algorithm described in Section 3.2. The estimation results show with
a high confidence that all the cameras except Fujifilm Finepix A500 (camera no.
17) use shifted versions of the Bayer color filter array as their CFA pattern. For
instance, the estimated 2 × 2 CFA that minimized the fitting errors on JPEG
images from Canon EOS Digital Rebel (camera no. 6) and the Fujifilm Finepix
S3000 (camera no. 16) are shown in Figure 3.7(a) and (b), respectively. The
estimation results perfectly match these cameras’ ground-truth data obtained by
reading the headers of the raw image files produced by the two cameras.
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Figure 3.7: Sample CFA patterns for (a) Canon EOS Digital Rebel and (b) Fujifilm
Finepix S3000.
When testing the images from the Fujifilm Finepix A500 (camera no. 17) with
the same 36 square patterns in the CFA pattern search space, we notice that the
best 2 × 2 pattern in the search space is still a shifted version of the Bayer pattern.
However, we observe that the minimum error ε, as given by (3.6), is larger than
the ones obtained from other square-CFA cameras. Therefore, the overall decision
confidence is lower for this super CCD camera compared to the other cameras in
the database. Further, we also find that the CFA pattern estimation results are not
consistent across different images taken with the same camera, i.e., different images
from Fujifilm Finepix A500 give different shifted versions of the Bayer pattern as
the estimated CFA. Such inconsistencies in the results along with lower confidence
in parameter estimation could be an indication that the camera does not employ
a square CFA pattern. One possible approach to identify super CCD is to enlarge
the CFA search space to include these patterns. We plan to further investigate
this aspect in our future work to gather forensic evidence to distinguish super CCD
cameras and square CFA cameras.
Next, we try to estimate the color interpolation coefficients in different image
regions using the algorithm presented in Section 3.2.2. In our simulations, we find
the coefficients of a 7 × 7 filter in each type of region and color channel, thus giving
a total of 7 × 7 × 3 × 3 = 441 coefficients per image. Sample coefficients obtained
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Figure 3.8: Interpolation coefficients for the green channel for one sample image
taken with the Canon Powershot A75 camera for (a) Region ℜ1 with significant
horizontal gradient, (b) Region ℜ2 with significant vertical gradient, (c) Smooth
region ℜ3 , (d) Coefficients of bicubic interpolation.
using the Canon Powershot A75 camera for the three types of regions in the green
image are shown in Figure 3.8. For region ℜ1 that corresponds to areas having
significant horizontal gradient, we observe that the value of the coefficients in the
vertical direction (0.435 and 0.441) are significantly higher than those in the horizontal directions (0.218 and 0.204). This indicates that the interpolation is done
along the edge, which in this case is oriented along the vertical direction. Similar
corresponding inferences can be made from coefficients in region ℜ2 of significant
vertical gradient. Compared to these two regions, the coefficients in region ℜ3 have
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almost equal values in all four directions, and do not have any directional properties. Moreover, careful observation of the coefficients in region ℜ3 reveals their
close resemblance to the bicubic interpolation coefficients shown in Figure 3.8(d).
This suggests that it is very likely that the Canon Powershot A75 camera uses
bicubic interpolation for smooth regions of the image. Similar results obtained for
other camera models indicate with η = 96% confidence that all cameras use the
bicubic interpolation for handling smooth regions. This is consistent with common knowledge in image processing practice that bicubic interpolation is good for
regions with slowly changing intensity values [63].

3.4

Case Studies and Applications of Non-Intrusive
Forensic Analysis

In this section, we present case studies to illustrate the applications of the proposed
non-intrusive forensic analysis methodology for camera identification (acquisition
forensics), and for providing clues to identify infringement/licensing.

3.4.1

Identifying Camera Brand from Output Images

The color interpolation coefficients estimated from the image can be used as features to identify the camera brand utilized to capture the digital image. As shown
in Section 3.3.2, most cameras employ similar kinds of interpolation techniques for
smooth regions. Therefore, we focus on non-smooth regions and use the coefficients
obtained from the horizontal gradient regions ℜ1 and vertical gradient regions ℜ2
as features to construct a camera brand identifier.
To obtain more reliable forensic evidence from the input image for camera
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identification, we first pre-process the image by edge detection to locate five significant 512 × 512 blocks with the highest absolute sum of gradient values. The
interpolation coefficients corresponding to the regions ℜ1 and ℜ2 , from all three
color channels, estimated from these 512 × 512 blocks are used as features for
identification.
We use a classification based framework to identify camera brand. For each
camera in the database, we collect 40 different images and obtain 200 different
512 × 512 image blocks by locating the top five regions with higher gradient values.
These 200 image blocks collected from each of the 19 cameras are grouped so that
all images from the same brand form one class. A 9−camera brand SVM classifier
with a polynomial kernel function [22] is constructed with 50% of the images
randomly chosen from each class for training. The remaining images are used in
testing and the process is repeated 500 times by randomly choosing a training set
each time. Table 3.2 shows the average confusion matrix, where the (i, j)th element
gives the percentage of images from camera brand−i that are classified to belong to
camera brand−j. The main diagonal elements represent the classification accuracy
and achieve a high average classification rate of 90% for nine camera brands. A
closer look at the remaining 10% of misclassified images suggest that most of them
have significant amount of smooth regions; these regions have less discriminating
capability because most digital cameras employ similar kind of interpolation in the
smooth regions as demonstrated earlier.
The above results demonstrate the effectiveness of using the color interpolation
component as features to differentiate different camera brands. The robustness of
estimating these features under JPEG and additive noise has been shown earlier
in Section 3.3.1. Here we further examine the robustness against such nonlinear
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Table 3.2: Confusion matrix for identifying different camera brands (* denotes
values smaller than 4%).

Canon

Nikon

Sony

Olympus

Minolta

Casio

Fuji

Kodak

Epson

Canon

96%

*

*

*

*

*

*

*

*

Nikon

*

83%

5%

*

*

*

*

*

*

Sony

*

*

90%

*

*

*

*

*

*

Olympus

*

*

*

93%

*

*

*

*

*

Minolta

8%

*

*

*

81%

*

*

*

*

Casio

*

*

*

6%

*

89%

*

*

*

Fuji

*

*

*

*

7%

*

87%

*

*

Kodak

*

*

*

*

*

*

*

89%

*

Epson

*

*

*

*

*

*

*

*

100%

point operations as gamma correction. As a common practice in digital camera
design, most cameras perform gamma correction with a γ = 1/2.2 to match the
luminance of the digital image with that of the display monitor. In order to test
the goodness of the proposed algorithms for gamma correction, we first do inverse
gamma correction with γ = 2.2 on the original camera images.2 The interpolation
coefficients are then estimated from these gamma corrected images and used in
camera brand identification. In this case, the confusion matrices are similar to the
ones in Table 3.2, and average identification accuracy was estimated to be 89%.
This negligible difference from the non-gamma correction case of 90% suggests
that the camera identification results are invariant to gamma correction in digital
2

In a general scenario, the value of γ can be estimated from the output images [34] and the

corresponding inverse could be applied before estimating the interpolation coefficients.
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cameras.
As the problem of camera brand identification only received attention recently,
there is a very limited amount of related work to compare with. Some algorithms
were developed recently in [70] [15], where the authors test their algorithms for
pictures taken under controlled conditions with the same scene captured with multiple cameras (corresponding to the single-scene case discussed earlier in Section
V-A). The best performance initially reported in [15] is 84% on three brands, and
this algorithm is sensitive to other in-camera processing such as compression owing
to the dependence on image content by the null-based spectral features employed
in [15]. Concurrent to the present work, further improvements have been made
to the algorithm in [15] by separately obtaining the coefficients from smooth and
non-smooth regions of each image, leading to an enhanced classification accuracy
of 96% for three camera brands [14]. Compared to these alternative approaches,
the interpolation coefficients derived in our work by exploring the spatial filtering
relations are less dependent on input scenes and are robust against various common in-camera processing. The formulation of minimizing noise norm via (3.5)
further helps mitigate the impact from noise, compression, and other in-camera
processing. As a result, the features obtained from the proposed component forensics methodologies are able to achieve a high classification accuracy over a much
larger dataset with 19 camera models from nine different brands. Further, as will
be demonstrated later in this section, the proposed component forensic techniques
have a broader goal of identifying the algorithms and parameters employed in
various components in digital cameras, and are not restricted to camera brand
identification.
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3.4.2

Identifying Camera Model from Output Images

Our results in the previous subsection demonstrate the robustness of non-intrusively
identifying the camera brand using the color interpolation coefficients as features.
In this subsection, we extend our studies to answer further forensic questions to
find the exact camera model used to capture a given digital image, and examine
the performance in identifying the camera model.
We use 200 images from each of the 19 cameras in our experiments. Out of these
200 images, a randomly chosen 125 images are used for training and the remaining
are for testing with a 19−camera model SVM classifier. The simulation is repeated
500 times with different training sets and the average confusion matrix is shown
in Table 3.3. The (i, j)th element in the confusion matrix gives the fraction of
images from camera model−i classified as camera model−j. In order to highlight
the significant values of the table, we show only those set of values that are greater
than or equal to a chosen threshold λ = 1/Nc , where Nc is the number of cameras
(λ = 1/19 in our experiments). The average classification accuracy is 86% for 19
camera models.
The classification results reveal some similarity among different camera models
in handling interpolation, as there are some off-diagonal elements that have a nonzero value greater than the threshold of 1/19. For example, among the Canon
Powershot S410 (camera no. 3) images, 20% were classified as belonging to Canon
Powershot S400 (camera no. 2). A similar trend is also observed for images from
other Canon models. These results indicate that the color interpolation coefficients
are quite similar among the Canon models and hence it is likely that they are using
similar kinds of interpolation methods.
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Table 3.3: Confusion matrix for identifying different camera models. The matrix
is divided based on different camera makes. The values below the threshold λ =

1
19

are denoted by ∗. The camera index numbers are according to Table 3.1.

Canon

Nikon
Sony
Olympus
Minolta
Casio
Fujifilm
Kodak
Epson

3.4.3

01 02
03
*
01 0.92 *
*
02
0.84 *
*
03
0.20 0.80
*
04
0.16 *
*
*
05
0.08
*
*
*
06
*
*
*
07
*
*
*
08
*
*
*
09
*
*
*
10
*
*
*
11
*
*
*
12
*
*
*
13
*
14 0.08 *
*
15
0.16 *
*
*
*
16
*
*
17
0.08
*
*
*
18
*
*
*
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*

*

*

*

*

*

*

*
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*
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*
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*
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*
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*
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Similarities in Camera Color Interpolation Algorithms

Motivated by the results in the previous subsection, we further analyze the similarity between the camera models in this subsection, and propose metrics to quantitatively evaluate the closeness among interpolation coefficients from several cameras.
Studying Similarities in Cameras using Leave-One-Out
We perform additional experiments to identify the camera models with similar
color interpolation by a leave-one-out procedure. More specifically, we train the
classifier by omitting the data from one of the camera models and test it with
these coefficients, to find the nearest neighbor in the color interpolation coefficient
space. For instance, when we train the SVM using all the 200 images from 18
cameras except Canon Powershot S410 (Camera no. 3), and then test it using
the 200 images from Canon Powershot S410, we observe that 66% of the Canon
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Powershot S410 images are classified as Canon Powershot S400. Furthermore, out
of the remaining images, 28% of the pictures are classified as one of the remaining
Canon models. The reverse trend is also observed when we train with all the
images except Canon Powershot S400 (camera no. 2) and use these images for
testing. Around 45% of the Canon Powershot S400 pictures are classified as Canon
Powershot S410, 19% are categorized as Canon Powershot A75, and 15% of the
remaining guessed as some other Canon model. This result suggests that there is
a considerable amount of similarity in the kind of interpolation algorithms used by
various Canon models.
A similar trend is also observed for the two Sony cameras in our database.
We note that around 66% of the Sony Cybershot DSC P7 model are classified as
Sony Cybershot DSC P72 model when the former was not used in training. These
results indicate the similarities in the kind of interpolation algorithm among various
models of the same brand. Interestingly, we also observe similarity between Minolta
DiMage S304 and Nikon E4300. Around 53% of the Minolta DiMage S304 pictures
are designated as Nikon E4300 camera model. This suggests closeness between the
interpolation coefficients in the feature space.
Quantifying Similarity in Color Interpolation with a Divergence Score
From our preliminary analysis in Section 3.3.2, we observe that the majority of the
cameras use similar kinds of interpolation techniques in handling smooth regions.
We thus focus our attention on the type of interpolation used by a camera in the
non-smooth regions. We extend our interpolation coefficient estimation model in
Section 3.2.2 to explicitly target at non-smooth regions in the image. To do so, we
divide the image into eight types of regions depending on the relative gradient esti-
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mates in eight directions (namely north, east, west, south, north-east, north-west,
south-east, and south-west). The gradient values can be obtained following the
threshold-based variable number of gradients (VNG) algorithm [23]. For example,
the gradient in the north direction JN is obtained using
JN (x, y) = |Ix−1,y − Ix+1,y | + |Ix−2,y − Ix,y |
+ 0.5 × |Ix−1,y−1 − Ix+1,y−1 | + 0.5 × |Ix−1,y+1 − Ix+1,y+1 |
+ 0.5 × |Ix−2,y−1 − Ix,y−1 | + 0.5 × |Ix−2,y+1 − Ix,y+1 |,

(3.9)

where Ix,y = Sd (x, y, p(x, y)) represents the image pixel sample. Similar expressions
for gradients in the remaining seven directions can be developed to find the local
gradient values [23]. Once these gradients are obtained, they are compared to a
threshold to divide the image into eight types of texture regions. The interpolation
coefficients are obtained in each region by solving a set of linear equations as given
by (3.5).
We use a classification based methodology to study the similarities in interpolation algorithms used by different cameras. To construct classifiers, we start
with 100 representative images, downsample them (by a factor of 2) and then
re-interpolate with each of the six different interpolation methods as discussed in
Section 3.3.1. With a total of 600 images synthetically generated in this way, we
run the color interpolation estimator to find the coefficients for each image. The
estimated coefficients are then used to train a 6-class SVM classifier, where each
class represents one interpolation method. After training the SVM classifier, we
use it to test the images taken by the 19 cameras. For each of the 200 images taken
by every camera in the 19-camera dataset, we estimate the CFA parameters (eight
sets of coefficients each with a dimension of 5 × 5), feed them as input to the above
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classifier and record the classification results.3 Probabilistic SVM framework is
used in classification and the soft decision values are recorded for each image [148]
(refer to Appendix II of this chapter for more details). If the two camera models
employ different interpolation methods (not necessarily the same as the six typical
methods in the classifier), then the classification results are likely to be quite different, and their differences can be quantified by an appropriate distance between
the classification results.
More specifically, for each image in the database, the interpolation coefficients
are found and fed into the N-class classifier, where N denotes the number of possible choices of the interpolation algorithms studied (N = 6 in our experiments). Let
the output of the classifier be denoted as a probability vector g = [g1 , g2, . . . , gN ],
where gk gives the probability that the input image employs the interpolation
algorithm−k (1 ≤ k ≤ N). Such probability vectors are obtained for every image
in the database and the average performance is computed for each camera model.
Let the average classification results for camera model−i be represented by the
vector πi = [πi1 , πi2 , . . . , πiN ], where πik is the average probability for an image
from camera model−i to be classified as using the interpolation algorithm−k. The
πik ’s are estimated using soft decision values obtained using the probabilistic SVM
framework. The similarities of the interpolation algorithms used by any two cameras (with indices i and j) can now be measured in terms of a divergence score ϕij ,
defined as symmetric Kullback-Leibler (KL) distance between the two probability
3

A kernel size of 5 × 5 is chosen in this case to limit the total number of coefficients, and to

make the total number of features to be on the same order of magnitude as the previous case in
Section 3.4.2 where we used a kernel size of 7 × 7 and three gradient based regions.
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Table 3.4: Divergence scores for different camera models as indexed in Table 3.1.
The values below or equal to 0.06 are shaded, and the ∗ indicates zero similarities
between the same camera models by definition.

Canon

Nikon
Sony
Olympus
Minolta
Casio
Fujifilm
Kodak
Epson

01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16
17
18
19

01

02

03

04

05

06

07

08

09

10

11

12

13

14

15

16

17

18

19

*
0.06
0.06
0.17
0.14
0.35
0.36
0.68
0.22
0.76
0.25
0.31
0.18
0.09
0.31
0.18
0.54
0.83
0.25

0.06
*
0.05
0.07
0.05
0.19
0.19
0.46
0.11
0.55
0.12
0.14
0.11
0.03
0.15
0.17
0.35
0.57
0.16

0.06
0.05
*
0.15
0.06
0.18
0.22
0.47
0.22
0.51
0.23
0.27
0.20
0.10
0.29
0.33
0.31
0.57
0.27

0.17
0.07
0.15
*
0.10
0.22
0.23
0.50
0.14
0.71
0.04
0.08
0.10
0.07
0.10
0.19
0.49
0.58
0.23

0.14
0.05
0.06
0.10
*
0.07
0.14
0.36
0.14
0.46
0.19
0.14
0.16
0.09
0.16
0.32
0.25
0.39
0.26

0.35
0.19
0.18
0.22
0.07
*
0.15
0.36
0.18
0.42
0.32
0.21
0.30
0.22
0.23
0.54
0.23
0.35
0.37

0.36
0.19
0.22
0.23
0.14
0.15
*
0.21
0.19
0.21
0.24
0.16
0.12
0.18
0.17
0.47
0.12
0.19
0.34

0.68
0.46
0.47
0.50
0.36
0.36
0.21
*
0.53
0.16
0.47
0.39
0.39
0.48
0.41
0.89
0.31
0.10
0.92

0.22
0.11
0.22
0.14
0.14
0.18
0.19
0.53
*
0.09
0.17
0.08
0.11
0.07
0.07
0.13
0.43
0.61
0.14

0.76
0.55
0.51
0.71
0.46
0.42
0.21
0.16
0.09
*
0.66
0.61
0.52
0.56
0.59
1.02
0.18
0.23
0.82

0.25
0.12
0.23
0.04
0.19
0.32
0.24
0.47
0.17
0.66
*
0.11
0.10
0.08
0.11
0.19
0.56
0.61
0.25

0.31
0.14
0.27
0.08
0.14
0.21
0.16
0.39
0.08
0.61
0.11
*
0.08
0.12
0.01
0.20
0.42
0.42
0.26

0.18
0.11
0.20
0.10
0.16
0.30
0.12
0.39
0.11
0.52
0.10
0.08
*
0.06
0.08
0.17
0.39
0.45
0.25

0.09
0.03
0.10
0.07
0.09
0.22
0.18
0.48
0.07
0.56
0.08
0.12
0.06
*
0.11
0.11
0.42
0.61
0.13

0.31
0.15
0.29
0.10
0.16
0.23
0.17
0.41
0.07
0.59
0.11
0.01
0.08
0.11
*
0.18
0.44
0.45
0.24

0.18
0.17
0.33
0.19
0.32
0.54
0.47
0.89
0.13
1.02
0.19
0.20
0.17
0.11
0.18
*
0.82
1.05
0.17

0.54
0.35
0.31
0.49
0.25
0.23
0.12
0.31
0.43
0.18
0.56
0.42
0.39
0.42
0.44
0.82
*
0.23
0.51

0.83
0.57
0.57
0.58
0.39
0.35
0.19
0.10
0.61
0.23
0.61
0.42
0.45
0.61
0.45
1.05
0.23
*
0.98

0.25
0.16
0.27
0.23
0.26
0.37
0.34
0.92
0.14
0.82
0.25
0.26
0.25
0.13
0.24
0.17
0.51
0.98
*

distributions πi and πj :
ϕij = D(πi ||πj ) + D(πj ||πi ),


N
X
πik
where D(πi ||πj ) =
.
πik log2
πjk
k=1

(3.10)
(3.11)

The symmetric KL distance is separately obtained in each of the eight types of
regions by training with synthetic data and testing with the camera images using
the appropriately chosen coefficients as features. The overall divergence score is
obtained by taking the mean of the individual divergence scores in eight regions
and three color components. A low value of overall divergence score indicates that
the two cameras are similar and are likely to use very similar kind of interpolation
methods.
The divergence scores of the 19 different camera models are shown in Table 3.4. Here, the (i, j)th element in the matrix represents the average symmetric

46

KL distance between the interpolation coefficients of camera model−i and camera model−j. Divergence scores below a threshold of 0.06 have been shaded. We
observe from the table that most cameras from the same brand are likely to use
similar kinds of interpolation algorithms. This is especially evident for some models
of Canon and Minolta used in our analysis.
The divergence score between the two Canon models, S400 and S410, are very
low, suggesting that both of these models are likely to use similar techniques for
color interpolation. We also observe similarities between the two Minolta models,
DiMage S301 and DiMage F100, and between the two Sony models, Cybershot DSC
P7 and P72. The metric is close to zero in all these cases, thus indicating that
cameras from the same manufacturer have similar interpolation. Interestingly, we
also observe some similarity between several cameras from different manufactures.
As shown in Table 3.4, the divergence score between Nikon model E4300 (camera
no. 7) and the Minolta DiMage S304 (camera no. 13) is low, which suggests a
resemblance in the type of interpolation used by these two cameras.
The work that we have presented so far quantifies the similarity of camera
models based on the estimated color interpolation coefficients. The parameters of
the other stages in the scene capture model, such as white balancing and JPEG
compression, may be further used to study similarities among different camera
models and brands. In such cases, the forensic information collected from various
components may also be fused together to provide quantitative evidence to identify
and analyze technology infringement/licensing of cameras.
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3.4.4

Applications to Image Acquisition Forensics

The goal of image acquisition forensics is to determine the device type and the
brand and model of the device that was used to acquire the image in question. In
the previous sections, we have shown that the color interpolation coefficients can
help identify the brand and model of the camera that was used to capture the image
if indeed the image was originally camera captured. In this subsection, we extend
the feature based classification approach to facilitate image acquisition forensics,
and show that the proposed methods combined with noise features [54,55] provide
a very high accuracy in differentiating between images from different sources such
as cell phones cameras, standalone cameras, scanners, and computer-graphics.
For our study, we use 100 images from each of the four scanner models (Epson Perfection 2450 photo, AcerScan, Canon CanoScan D1250U2F, and Microtek
ScanMaker 3600), five different cell phone cameras models (Nokia 6102, Motorola
V550, Samsung c417, Sony Ericsson W810, and Audiovox CDM-8910), and five
standalone cameras models (Canon Powershot A75, FujiFilm Finepix S3000, Casio
QV-UX2000, Minolta DiMage F100, and Canon PowerShot S410). A separate set
of 100 computer graphics (CG) images were obtained from the Columbia university dataset [101]. The sample images were taken in completely random conditions,
without any controlled experimental setup to simulate non-intrusive testing conditions. In this way, the image dataset simulates real-world data in terms of lighting,
color, texture, and subject. The color interpolation coefficients and the noise features from [55] were estimated from each of the 1500 images in our database and
employed for subsequent studies.
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Table 3.5: Confusion matrix for device-type identification.
Device

Phone camera

Standalone

Scanner

Digital Camera

Computer
Graphics

Phone camera

93%

2%

0%

5%

Standalone camera

1%

98%

1%

0%

Scanner

1%

3%

94%

2%

Computer Graphics

4%

2%

4%

90%

Identifying Image Acquisition Device
For our study, 100 images from each device type (cell phone camera, standalone
camera, and scanner) were selected with an equal number from each model, and all
CG images were used, to create four classes of 100 images each. A randomly chosen set of 99 images from each class were used in training the SVM classifier, and
the remaining image was used in testing to obtain the leave-one-out performance.
The experiment was repeated 100 times with different set of training images and
the average confusion matrix is shown in Table 3.5. Here, the (i, j)th element of
the matrix corresponds to the fraction of images from source type−i classified as
belonging to source type−j. The main diagonal elements give the percentage of
correct identification. From the results in Table 3.5, we find that overall identification accuracy is 93.75%, suggesting that the proposed features are good for
identifying the source type.
Identifying Device Brand/Model
Once an image’s source device has been determined, further analysis can be performed using the same set of features to identify the particular brand or model
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of the device that was used to capture the image. In the previous subsections,
we have presented results for camera brand and model identification and in this
subsection, we focus on cell phone cameras and scanners. Finding the type of cell
phone camera from its output images poses additional challenges, compared to
standalone cameras and scanners, due to their lower image resolution, noisier image sensors, and a higher rate of default JPEG compression. In our results with cell
phone cameras, we found that using interpolation coefficients alone, rather than
a combination of interpolation coefficients and noise features, produced higher accuracies [94]. This result for cell phone cameras is expected because most cell
phone camera brands/models employ different algorithms for color interpolation;
and therefore, these coefficients alone provide tell-tale evidence to distinguish images from different brands/models. For our experiments with cell phone cameras,
we used a randomly chosen 90 random images for training and the remaining 10
for testing, and the corresponding results are shown in Table 3.6. We find from
the table that the average identification accuracy is close to 97.7% for five models,
and this is significantly better than state-of-the-art techniques that produce average accuracies close to 92% over four camera models from two different camera
brands [135].
We test the robustness of the proposed system for post-processing operations
such as JPEG compression. To generate data, we compress the original cell phone
camera images under different JPEG quality factors from 60% to 100%. The
color interpolation coefficients are then obtained from the compressed images and
used as features for classification. A randomly chosen 90 images were used in
training the classifier and the remaining 10 were used in testing. The experiment
was repeated 100 times and the average accuracies under different JPEG quality
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Table 3.6: Confusion matrix for cell phone camera identification.
Cell Phone

Nokia

Motorola

Samsung

Sony

Audiovox

Nokia

95.8%

0.4%

0%

3.8%

0%

Motorola

2.8%

97.2%

0%

0%

0%

Samsung

1.2%

0%

97.8%

0.2%

0.8%

Sony

2.4%

0%

0%

97.6%

0%

0%

0%

0%

0%

100%

Audiovox

factor are shown in Figure 3.9. The figure shows that as the JPEG quality factor
decreases, the identification accuracy decreases as expected. However, the lowest
accuracy achieved is around 91% demonstrating the superior performance of the
proposed features.
We compare the performance of the proposed features for cell phone camera
identification with the higher order statistical features introduced in [36]. In our
experiments with [36], we employ the same set of cell phone camera images (with
90 for training and 10 for testing) and examine the identification accuracies as a
function of JPEG quality factors. The performance, averaged over 100 iterations,
is shown alongside in Figure 3.9. The results suggest that the proposed features
perform at least 12% better in identifying the cell phone brand/model, establishing
the goodness of the proposed features.
For scanner identification, we found that using a combination of interpolation
coefficients and noise feature parameters from [54] gave best results. 100 images
from each of the four models of scanners were used, with 90 random images used for
training and the remaining 10 used for testing. The overall identification accuracy
for scanner brand was 96.2%. Further, the identification results were found to be
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Figure 3.9: Robustness to JPEG compression for cell phone camera identification
using (a) proposed color interpolation coefficients as features, and (b) higher order
statistics [36] as features.
robust to moderate levels of post-processing operations such as JPEG compression,
image sharpening, gamma correction, and contrast enhancement. Further details
can be found in [54, 94].

3.4.5

Detecting Cut-and-Paste Forgeries based on Inconsistencies in Component Parameters

Creating a tampered image by cut-and-paste forgery often involves obtaining different parts of the image from pictures captured using different cameras that may
employ a different set of algorithms/parameters for its internal components. Inconsistencies in the estimated sensor pattern noise obtained from different regions
of the image [86] or the inconsistencies in the estimated intrinsic fingerprint traces
left behind by camera components [123] can be used to identify such digital forgeries as cut-and-paste operations. Here, we illustrate with a case study. We create
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a tampered picture of size 2048 × 2036 by combining parts of two images taken
using two different cameras. In Figure 3.10(a) and (b), we show the tampered picture and its individual parts marked with different colors. The regions displayed
in white in Figure 3.10(b) are obtained from an image taken with the Canon Powershot S410 digital camera, and the black parts are cropped and pasted from a
picture shot using the Sony Cybershot DSC P72 model. The combined image was
then JPEG compressed with quality factor 80%.
To identify the intrinsic camera fingerprints in different parts of the picture,
the image is examined using a sliding window of 256 × 256 with step size 64 × 64,
and the color interpolation coefficients are estimated in each 256 × 256 block [123].
The k−means clustering algorithm [31] is then employed to cluster these features
into two classes. With a step size of 64, each individual 64 × 64 sub-block would be
analyzed 16 times to provide 16 different clustering results; the clustering results
are represented as binary values (0 or 1) as labels for the two classes. Figure 3.10(c)
shows the average of the clustering labels from these 16 sub-blocks. As shown in
Figure 3.10(c), our results indicate that the features are clustered distinctly in two
separate classes with the gray area in between representing the transition from one
class to the other. In this particular case, we notice that the manipulated picture
has tell-tale traces from two different cameras and is therefore tampered.
We then employ supervised training [31] using the 19-camera model classifier to
further verify our results. The detection results from the 19-camera model classifier
are shown in Fig. 3.10(d). In this figure, the regions marked black denotes those
classified as the Sony Cybershot DSC P72 model and the white areas correspond
to the parts correctly classified as the Canon Poweshot S410 model. The remaining
regions represented in grey correspond to the blocks that were misclassified as one
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(a)

(b)

(c)

(d)

Figure 3.10: Applications to source authentication showing (a) Sample tampered
image; (b) Regions obtained from the two cameras; (c) Results from clustering
the color interpolation coefficients with black representing Sony Cybershot DSC
P72, white representing Canon Powershot S410 and shades of gray indicating the
likelihood that the region is from Canon Powershot S410 with a value close to white
denoting higher likelihood; (d) CFA interpolation identification results using the 19
camera-model classifier with black representing Sony Cybershot DSC P72, white
representing Canon Powershot S410, and grey indicating the regions classified as
other cameras.
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of the remaining 17 camera models. As shown in Fig. 3.10(d), the results indicate
that the correct camera can be identified with a very high confidence in most of
the regions in the tampered picture using the data obtained from each 256 × 256
macro-block. In this particular case, we notice that the manipulated picture has
distinct traces from two different cameras and is therefore tampered. A closer
observation of the misclassified blocks (shown in grey) also indicates that most
of these regions are clustered either around the tampering boundaries from two
cameras or in very smooth areas of the image. Blocks around tampered regions
would contain traces of both the camera models and thus might lead to incorrect
classifications and misclassifications around the smooth regions of the image can
be attributed to the fact that most cameras employ similar techniques such as
bicubic interpolation around the smooth regions.

3.5

General Component Forensics Methodology

In this section, we extend the proposed non-intrusive forensic analysis to a methodology applicable to a broad range of devices. Let O1 , O2 , . . . , ONo be the sample outputs obtained from the test device that we model as a black box, and
C1 , C2 , . . . , CNc be the individual components of the black box. Component forensics provides a set of methods to help identify the algorithm and parameters used
by each of the processing blocks Cy . A general forensic analysis framework is
composed of the following processing steps as shown in Figure 3.11.
1. Modelling of the Test Device: As the first step of forensic analysis, a model is
constructed for the object under study. This modeling helps break down the
test device into a set of individual processing components C1 , C2 , . . . , CNc and
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Test-Object Model

Feature Extraction
Feature Analysis
Model Parameter
Estimation

Classification

Information Fusion

Testing and Validation

Figure 3.11: The proposed forensic analysis methodology.
systematically study the effect of each of these blocks on the final outputs
obtained with the test object.
2. Feature Extraction: The forensic analyst identifies a set of features that has
good potential to help identify the algorithms used in y th device component Cy . These features are based on the final output data and are chosen
to uniquely represent each of the algorithms used. For the case of digital
cameras, we have used in this chapter the estimated color interpolation coefficients as features for forensic analysis. Parameters of other components,
such as white balancing constants and gamma correction values, are also
possible features to incorporate.
3. Feature Analysis and Information Fusion: We analyze the features extracted
from the previous stage to obtain forensic evidence to meet specific applications’ needs. The appropriate analysis technique depends on the component
under study, the application scenario, and the type of evidence desired. The
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results obtained from each of the analysis techniques can be combined to
provide useful evidence about the inner working of the device components.
4. Testing and Validation Process: The validation stage uses test data with
known ground truth to quantify the accuracy and performance of the forensic analysis system. It reflects the degree of success of each of the above
processing stages and their combinations. Representative synthetic data obtained using the model of the test object can help provide ground truth to
validate the forensic analysis systems and provide confidence levels on estimation. The results of this stage can also facilitate a further refinement of
the other stages in the framework.
The methods and techniques adopted in each stage may vary depending on the
device, the nature of the device components, and the application scenario. Regarding feature extraction, in some situations, the features by themselves (without
further processing) can be proven to be useful forensic evidence and be used to
estimate the parameters of the model. For instance, the color interpolation coefficients were directly estimated from the camera output, and used to study the
type of interpolation in different regions of the image in Section 3.3.2. Evidence
collected from such analysis can be used to study the similarities and differences
in the techniques employed in the device components across several models and
answer questions related to infringement/licensing and evolution of digital devices.
In some other application scenarios, the component parameters might be an intermediate step and further processing would be required to answer specific forensic
questions. For example, we have used the estimated color interpolation coefficients
as features to build a robust camera identifier to determine the camera model (and
make) that was used to capture a given digital image as seen in Sections 3.4.1 and
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3.4.2.

3.6

Chapter Summary

In this chapter, we consider the problem of component forensics and propose a
set of forensic signal processing techniques to identify the algorithms and parameters employed in individual processing modules in digital cameras. The proposed
methodology is non-intrusive and uses only the sample data obtained from the
digital camera to find the camera’s color array pattern and the color interpolation
methods. We show through detailed simulations that the proposed algorithms are
robust to various kinds of postprocessing that may occur in the camera. These
techniques are then used to gather forensic evidence on real world datasets captured with 19 camera models of nine different brands under diverse situations. The
proposed forensic methodology is used to build a robust camera classifier to nonintrusively find the camera brand and model employed to capture a given image
for problems involving image source authentication. Our results indicate that we
can efficiently identify the correct camera brand with an overall average accuracy
of 90% for nine brands. Our analysis also suggests that there is a considerable degree of similarity within the cameras of the same brand (e.g. Canon models) and
some level of resemblance among cameras from different manufacturers. Measures
for similarity are defined and elaborate case-studies are presented to elucidate the
similarities and differences among several digital cameras. We believe that such
forensic evidence would provide a great source of information for patent infringement cases, intellectual property rights management, and technology evolution
studies for digital media.
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Appendix I: Some Popular Color Interpolation Algorithms
There have been numerous algorithms employed in practice for Color Filter Array
interpolation. In this appendix, we briefly review some of the popular methods.
For a detailed survey, the readers are referred to [7]. Color interpolation methods
can be broadly classified into two main categories, namely, adaptive and nonadaptive methods, depending on their adaptability to the image content. While
non-adaptive methods use the same pattern for all pixels in an image, adaptive
methods such as gradient based algorithms use the pixel values of the local neighborhood to find the best set of coefficients to minimize the overall interpolation
error.
Bilinear and Bicubic methods are examples of non-adaptive interpolation schemes.
In these algorithms, the pixel values are interpolated according to the following
equation [112]:
Sint (x, y, c) =

Ng
X

u,v∈−Ng

hc (u, v)Sraw (x − u, y − v, c),

where Sraw are the original raw values obtained from the sensor with Sraw (., ., 1)
representing the red color and so on, Sint denotes the interpolation results, and hc
denotes the 2-D filters of dimension Ng × Ng used in interpolation. In a general
case, hc may be dependent on the color channel. Let hr , hg , and hb denote the
values taken by hc for red, green, and blue colors, respectively. For the bilinear
case, these filters are given by



 1 2 1 
 0 1 0


1
1
 , and hg =  1 4 1
hr = hb = 
2
4
2

4
4



1 2 1
0 1 0
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The corresponding filters for the bicubic case are given by

hr

hb

1
256

1
0
9
16
9
0
1

0 9 16 9
0 0 0 0
0 81 144 81
0 144 256 144
0 81 144 81
0 0 0 0
0 9 16 9

0 1
0 0
0 9
0 16
0 9
0 0
0 1

, hg

1
256

0 0 0 1 0 0
0 0 9 0 9 0
0 9 0 81 0 9
1 0 81 256 81 0
0 9 0 81 0 9
0 0 9 0 9 0
0 0 0 1 0 0

0
0
0
1
0
0
0

The Smooth Hue interpolation algorithm is based on the observation that the
hue varies smoothly in natural images. In this algorithm, the green channel is first
interpolated using bilinear interpolation to yield Sint (., ., 2). The red components
are then obtained by interpolating the ratios of ‘red/green’ via
Sint (x, y, 1)
1
=
Sint (x, y, 2)
2




Sraw (x, y − 1, 1) Sraw (x, y + 1, 1)
+
.
Sint (x, y − 1, 2)
Sint (x, y + 1, 2)

The blue components can be obtained similarly by interpolating the ‘blue/green’
ratios.
In Median filter based algorithms, the three channels are first interpolated
using bilinear interpolation. Then the differences ‘red−green’, ‘red−blue’, and
‘green−blue’, are median filtered to produce Mrg , Mrb , and Mgb , respectively. At
each pixel location, the missing color values are obtained by linearly combining
the original color sensor value and the appropriate median filter result [112]. For
example, the green color component at the location of the red color filter is obtained
as
Sint (x, y, 2) = Sraw (x, y, 1) − Mrg (x, y).
All the methods described above are non-adaptive in nature and do not depend
on the characteristics of particular regions. In contrast to these techniques, the
Gradient Based algorithms [76] are more complex. Here, the horizontal gradient
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(Jh ) and the vertical gradient (Jv ) at the point (x, y) are first estimated using
Jh (x, y) = |Ix,y−2 + Ix,y+2 − 2Ix,y |,
Jv (x, y) = |Ix−2,y + Ix+2,y − 2Ix,y |,
where Ix,y = Sraw (x, y, p(x, y)) and p is the CFA pattern matrix (e.g. Bayer pattern) with p(x, y) = 1, 2, or 3, indicating that the CFA pattern at the (x, y)th pixel
is red, green, or blue, respectively. The edge direction is then estimated from the
gradient values, and the missing pixel values in the green component of the image
are obtained in such a way that the interpolation is done along the edge and not
across the edge, using only pixel values from the green channel. The missing red
and blue components are found by interpolating the difference, ‘red−green’ and
‘blue−green’ along the edge, respectively.
The Adaptive Color Plane interpolation method [56] is an extension of the
gradient based method. Here, the horizontal and vertical gradients are estimated
using
Jh (x, y) = |Ix,y−1 − Ix,y+1| + |Ix,y−2 + Ix,y+2 − 2Ix,y |,
Jv (x, y) = |Ix−1,y − Ix+1,y | + |Ix−2,y + Ix+2,y − 2Ix,y |.
Unlike the simple gradient based method, the interpolation of one color component
here also uses the other colors, and the output is a linear combination of sampled
sensor outputs in the neighborhood across the three color channels [56].
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Appendix II: Probabilistic Support Vector Machines
We employ the probabilistic SVM framework proposed in [148] to find the likelihood qi that a given data sample comes from the ith class. Let the observation
feature vector be denoted as x and the class label as y, where 1 ≤ y ≤ c for a
c-class problem. With the assumption that the class-conditional densities P r(x|y)
are exponentially distributed [108], the estimate µ̂ij of the pairwise class probabilities µij , P r(y = i|y = i or j, x) is found by fitting a parametric model to
the posterior probability density functions µ̂ij = 1/(1 + exp(âx + b̂)). The values
of â and b̂ are estimated by minimizing the Kullback-Leibler distance between the
parametric pdf define earlier and the one observed obtained from the training samples. We then find qi , P r(y = i|x), the probability that the data sample comes
from the ith class for a c−class SVM, by solving the optimization problem that
minimizes the following:
min

q1 ,q2 ,...,qc

subject to

c
X

X

(1 − µ̂ij )qi −

i=1
j,j6=i
c
X
i=1

X

j,j6=i

µ̂ij qj

!2

qi = 1, qi ≥ 0, i = 1, 2, . . . , c.

Further details of the algorithm can be found in [148], and a possible implementation is available at [22].
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Chapter 4
Digital Image Forensics via
Intrinsic Fingerprints
In Chapter 3, we showed that any change or inconsistencies in the estimated intrinsic fingerprints can help detect forgeries. In this chapter, we take a closer look at
approaches for tampering detection and steganalysis and introduce a new methodology for digital image forensics of color images aimed at identifying different types
of global tampering operations. The algorithm works in a two steps. In the first
step, using a detailed imaging model and its component analysis as presented in
Chapter 3, we estimate the intrinsic fingerprints of the various in-camera processing operations. We then model any further processing applied to camera outputs
as a filtering operation, and estimate its coefficients to obtain the post-camera
fingerprints. We show that absence of estimated in-camera fingerprints suggests
that the test image is not a camera output and is possibly generated by other image production processes, and any change or inconsistencies among the estimated
in-camera fingerprints, or the presence of new post-camera fingerprints indicates
that the image has undergone some kind of post-camera processing. We begin this
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chapter by reviewing related work in Section 4.1. The proposed forensic framework to estimate the post-camera fingerprints is presented in Section 4.2. Detailed
simulation results and elaborate case studies are then presented in Section 4.3 and
Section 4.4, respectively, and the chapter is summarized in Section 4.5.

4.1

Related Work on Tampering Detection and
Steganalysis

In the forgery detection literature, there have been work that try to address the
problem of identifying if the given digital image has gone through any processing, such as tampering or steganographic embedding, after being produced by the
camera. These work try to define the properties of a manipulated image in terms
of the distortions it goes through, and using such analysis present methods for
detecting manipulated images. For instance, some work assume that creating a
tampered image involves a series of processing operations, which might include
resampling [111], JPEG compression [33,80,84], Gamma correction [34], and chromatic aberration [67]. Based on this observation, they propose to identify such
manipulations by extracting certain salient features that would help distinguish
such tampering from authentic data.
When the image is upsampled, some of the pixel values are directly obtained
from the smaller version of the image, and the remaining pixels are interpolated and
thus highly correlated with its neighbors. Thus, post-processing operations such
as resampling can be identified by studying the induced correlations [111]. JPEG
compression has been considered as quantization in the discrete cosine transform
(DCT) domain and statistical analysis based on binning techniques have been
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used to estimate the quantization matrices [33, 84]. Image manipulations such as
contrast changes, Gamma correction and other image non-linearities have been
modelled and higher order statistics such as the bispectrum have been used to
identify and blindly correct them [37, 110]. Inconsistencies in noise patterns [110],
JPEG compression [35], or lighting [66], and alternations in correlations induced
by color interpolation [112] caused while creating a tampered picture have been
used to identify inauthentic images.
In [35], the authors exploit the differences in JPEG quantization tables among
different cameras to introduce an image authentication scheme. Given a digital
image, the authors first estimate the quantization table from it [84, 110], and then
compare the estimated tables with a database of quantization tables collect apriori
from 204 different digital cameras. A mis-match in the estimated quantization tables with the ones in the database or across different regions of the image suggests
that the image has been manipulated after being captured by a digital camera.
Johnson et al. model inconsistencies in lighting directions to determine possible
tampering [66]. A 2-D model is constructed based on an earlier work by Nillius
et al. [103] and the lighting direction is estimated non-intrusively from the image
based on this model. The authors show through simulations that the lighting direction can be estimated up to an error of two degrees when tested with infinite,
local, and multiple light sources; therefore, assisting in the detection of contradicting light sources.
Although these methods can be employed to identify the type, and the parameters of the post-processing operation, it would require an exhaustive search
over all the numerous kinds of post-processing operations to detect tampering.
Based on this observation, blind tampering detection methods based on sensor
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noise patterns and image features were proposed. The presence of pattern noise
in camera-captured images and its absence in tampered images have been used
to detect forgeries [86]. Ng et al. employed bicoherence features to detect the
presence of abrupt discontinuities in the image and use such analysis to detect
tampering and to distinguish between photographic and computer graphics images [102]. In [36], the authors show that wavelet features extracted from the
image can be employed for other forensic applications including distinguishing between natural and un-natural synthetic images, plan text and stego data, computer
graphics images and photographs, and differentiating between live and broadcast
images [36,87]. Avcibas et al. develop a set of content independent features based
on analysis of variance approaches and image quality metrics [10] for distinguishing
between unmanipulated images and images manipulated via brightness or contrast
enhancement [8]. These methods [8,36,53] require samples of tampered images for
classification to distinguish manipulated images from genuine ones. Further, these
methods may not be able to efficiently identify other kinds of manipulations that
are not modelled or considered directly. By defining the properties of an authentic
image via intrinsic fingerprints, our proposed methods provide better scalability
and can help identify previously unseen distortions as will be seen in Section 4.3.
In steganalysis literature, there have been work that identify the presence
of hidden information in multimedia data. These work can be broadly classified into two classes, namely embedding-specific and universal. In the class of
embedding-specific steganalysis, there have been algorithms to identify different
types of least significant bit (LSB) embedding [43, 45, 143]. Statistics based approaches for universal blind staganalysis have been introduced in [9, 88], where
features from wavelet statistics [88] or image quality measures [9] are used to build
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a classifier to distinguish stego data from cover data.
Most of these techniques mentioned above are primarily targeted at finding
the processing steps that occur after the image has been captured by the camera,
and are not for finding the algorithms and parameters used in various components
inside the digital camera. As shall be seen from our results, the proposed forensic methodology based on intrinsic fingerprints provides a combined framework
for authenticating digital camera outputs and distinguishing them from scanned,
computer generated, tampered, and stego data.

4.2

Estimating Intrinsic Fingerprints of Post-Camera
Manipulations

In this section, we present methods to estimate the intrinsic fingerprints of postcamera manipulations under the assumption that the entire image has undergone
the same manipulation. This approach can be extended over a block-by-block basis
to estimate the intrinsic fingerprints in individual blocks. Given a test image or
an image block, St , we introduce a non-intrusive forensic methodology to identify
if it has undergone any further processing after it is being captured using a digital
camera. We first assume that St is a manipulated camera output corresponding
to the point B in Figure 2.3, and is obtained by processing the actual camera
output Sd (point A in Figure 2.3) using the manipulation block. We then represent
the post-camera processing applied on Sd as a combination of linear and nonlinear operations, and approximate them with a linear shift-invariant filter. The
coefficients of this manipulation filter, estimated using blind deconvolution, serve
as our post-camera fingerprints to answer a number of forensic questions related to
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the origin and the authenticity of digital images [132]. In the following subsections,
we describe the estimation algorithm in detail.

4.2.1

Computing Inverse Manipulation Filter Coefficients
by Constrained Optimization

Let St denote the test image, and let Ste represent the estimate of the camera
output obtained by passing the given test image through the inverse manipulation
filter u, i.e.,
Ste (x, y, c) =

X
m,n

u(m, n, c)St (x − m, y − n, c), for 1 ≤ c ≤ 3.

(4.1)

Here, we assume that u(., ., .) is of dimension Nu × Nu × 3, and operates independently on each color component. The coefficients of the inverse manipulation filter,
u, are estimated by solving an optimization problem that minimizes the camera
model fitting error, E(u), given by
E(u) =

3 X
X
c=1 x,y

Ŝte (x, y, c) −

X
m,n

u(m, n, c)St (x − m, y − n, c)

!2

,

(4.2)

where Ŝte denotes the image formed from Ste by imposing the constraints that
pixels from a camera output image should satisfy due to CFA based color interpolation:


P


αℜ (m, n, c)Ste (x − m, y − n, c)


 m,n i
Ŝte (x, y, c) =
∀{x, y} ∈ ℜi , and 1 ≤ c ≤ 3,




 Ste (x, y, c)
otherwise.

(4.3)

In these camera constraints, αℜi denote the estimates of the color interpolation coefficients, and are derived from the image Ste using the component forensics techP
niques presented in Section 3.2 . In our work, we assume that m,n u(m, n, c) = 1
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Figure 4.1: Recursive algorithm to estimate the coefficients of the manipulation
filter.
for c = 1, 2, 3 to ensure that the original image and its manipulated version have
similar brightness levels. Incorporating this gain constraint into the minimization
problem, we solve for u by minimizing a modified cost function, J(u), given by
J(u) =

X

x,y,c

Ŝte (x, y, c) −

X
m,n

u(m, n, c)St (x − m, y − n, c)
+η

3
X
X
c=1

m,n

u(m, n, c) − 1

!2

!2

,

(4.4)

where the value of η is chosen to adjust the weights of the relative individual costs.
The filter coefficients can be directly estimated in the pixel domain through
a recursive procedure illustrated in Figure 4.1. We start the iteration by setting
u(0) to be a delta function; this corresponds to direct camera outputs. In the k th
(k)

iteration, we obtain an estimate of the camera output, Ste , by passing the test
image St though the estimate of the inverse blur filter u(k) (., ., .). We then impose
(k)

camera constraints given by (4.3) to get Ŝte and find the camera model fitting
error. The inverse filter coefficients are then updated [74] by
u(k+1) = u(k) + tk dk ,
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(4.5)
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Figure 4.2: Convergence of the cost function for (a) unmanipulated image, (b)
manipulated image filtered with a 5 × 5 averaging filter.
where
dk



 −∇J(u(k) ),
if k = 0,
=

 −∇J(u(k) ) + λk−1 dk−1, otherwise,

λk−1 =

< ∇J(u(k) ) − ∇J(u(k−1) ), ∇J(u(k) ) >
,
||∇J(u(k−1))||2

(4.6)

(4.7)

and the step sizes tk are chosen as the one that minimizes J(u(k) + tk dk ) ≤
J(u(k) + tdk ) for all t. The recursive procedure is repeated for a finite number
of iterations or until convergence. In the Appendix of this chapter, we show that
the optimization problem is convex and converges to a unique solution for all images whose interpolation parameters αℜi can be estimated accurately.
We test the blind deconvolution method for a sample direct camera output
along with its filtered versions. Figure 4.2(a) and (b) shows the variation of the
modified cost function J given by (4.4) as a function of the number of iterations
for a sample unmanipulated image and an image filtered with an 5 × 5 averaging
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Figure 4.3: Estimated inverse manipulation filter coefficients for (a) unmanipulated
image, (b) manipulated image filtered with a 5 × 5 averaging filter. The inverse
filter kernel size is set to 5 × 5.
filter, respectively. We observe that the cost function converges in 10 iterations
in both cases. The final estimated inverse filter coefficients u(., ., 2) for the green
color channel for the two cases are shown in Figure 4.3(a) and (b), respectively.
While the estimated coefficients from the unmanipulated camera output in Figure 4.3(a) are very close to an identity transform (corresponding to no post-camera
manipulations), the corresponding manipulation coefficients derived from the average filtered image, as presented in Figure 4.3(b), are similar to the 5 × 5 kernel
approximation of the inverse of the 5 × 5 averaging filter.
The performance of the blind deconvolution algorithm for tampering detection
is to a great extent tied with the choice of the kernel size. In an ideal scenario, a
finite size averaging filter in the pixel domain would require an infinite length kernel
for its inverse. Although a larger kernel gives enhanced performance improvements,
it requires more iterations for convergence. In the next subsection, we present a
solution to directly estimate the filter coefficients in frequency domain.
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4.2.2

Estimating Manipulation Filter Coefficients by Iterative Constraint Enforcement

The recursive algorithm described in Figure 4.1 can be solved in the frequency
domain to directly obtain the manipulation filter coefficients by iteratively applying
known constraints to the input image [11]. A schematic diagram of the iterative
constraint enforcement algorithm is shown in Figure 4.4. The test image St is used
to initialize the iterative process. In each iteration, the estimated camera output, g,
and the estimated filter coefficients, h, are updated by repeatedly applying known
constraints on the image and the filter in the pixel domain and the Fourier domain.
In the k th iteration, the pixel domain constraints on the image gk consists of
1. Real-valued constraints that enforce the image pixel values to be real,
2. Boundedness constraints restricting the image pixel values to the range [0, 255],
and
3. Camera constraints of CFA-based color interpolation given by

P


αℜ (m, n, c)gk (x − m, y − n, c),


 m,n i
ĝk (x, y, c) =
∀{x, y} ∈ ℜi , and 1 ≤ c ≤ 3




 gk (x, y, c)
otherwise,

(4.8)

where αℜi denote the estimates of the color interpolation coefficients derived from
the image gk using the component forensics techniques presented in Section 3.2.
After the image ĝk is obtained, it is transformed by Discrete Fourier transform
(DFT) to give Ĝk . The frequency response Hk of the estimated manipulation filter
in the k th iteration is obtained using the technique described in [72, 73] with
Hk =

F (St )Ĝ∗k

|Ĝk |2 +
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β1
|Hk−1 |2

,

(4.9)


G
2-D DFT

ĝ
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Ĥ
Estimate Image in
Frequency Domain

ĥ
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Figure 4.4: Schematic diagram of the iterative constraint enforcement algorithm.
where β1 is an appropriately chosen constant, F (St ) denotes the Fourier transform
of the test image St , and Ĝ∗k represents the complex conjugate of Ĝk . The value
of H0 for the first iteration is initialized as H0 = F (St )/Ĝ0 . The estimated filter
response Hk is then inverse Fourier transformed to give hk . We further impose
filter constraints on hk and obtain ĥk to be the real part of hk . The value of Gk+1
for the (k + 1)st iteration is obtained as a function of its two available estimates,
(a) previous value, Gk , and (b) the estimate obtained by enforcing the Fourier
domain constraint, (F St /Ĥk ), where F St = F (St ) and Ĥk = F (ĥk ). Both these
estimates have their unique properties – Gk has a non-negative inverse transform
that satisfies the image domain constrains, and (F St /Ĥk ) satisfies the Fourier
domain constraints. In our work, we average these two estimates separately in
every iteration for each spatial frequency value and color to obtain the new estimate
for Gk+1 as described in [11]:



Gk



Gk+1 =
(1 − β2 )Gk + β2 FĤSt



−1k


(1−β
)
β
Ĥ
2
2
k

+ F St
Gk

if |F St | < γ,
if |F St | ≤ |Ĥk | and |F St | ≥ γ,
if |F St | > |Ĥk | and |F St | ≥ γ.
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(4.10)

Here, γ and β2 are appropriately chosen constants. The value of γ represents
the noise resilience of the system, and β2 is chosen to lie in the range [0, 1] to
indicate the relative significance of the two terms in update equation [11]. In our
experiments, we set γ = 10−5 and β1 = β2 = 0.3. Finally, Gk+1 is inverse Fourier
transformed to give gk+1, the pixel domain estimate of the camera output image,
and the system proceeds to the next iteration. This process is repeated for a finite
number of iterations and the frequency response of the estimated manipulation
filter parameters H are found, to obtain the intrinsic fingerprints of post-camera
manipulations. Deviation of the estimated manipulation filter parameters from
an identity transform indicates that the test image has been manipulated after
capture by the camera.

4.2.3

Performance Studies on Detecting Manipulations with
Synthetic Data

We use synthetic data constructed from 100 representative images to study the
performance of the blind deconvolution techniques for tampering detection [124,
132]. These 100 images are first down-scaled by a factor of 2 × 2 to remove the
effects of previously applied filtering and interpolation operations, sampled on
the Bayer filter [6, 7] array and then interpolated using six different interpolation
algorithms to reproduce the scene capture process in cameras. For our simulations,
we consider six different color interpolation methods: (a) bilinear, (b) bicubic, (c)
smooth hue, (d) median filter, (e) gradient based, and (f) adaptive color plane.
Details about these interpolation algorithms can be found in [7]. These 600 images
that satisfy the camera model form our unmanipulated set. Processed versions are
then obtained by applying average filtering to these 600 images with different filter
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Figure 4.5: Frequency response of the manipulation filter for (a) A simulated unmanipulated camera output, and (b) Image low-pass filtered with a 5 ×5 averaging
filter; (c) Actual manipulation filter coefficients of the 5 × 5 averaging filter shown
alongside for comparison. The magnitude of the frequency response is shown in
the log10 scale.
orders from 3 to 11.
We run the proposed blind deconvolution methods on all the images and compute the coefficients of the manipulation filter in each case using iterative constraint enforcement algorithm. In Figure 4.5(a), we show the estimated Fourier
transform for a simulated unmanipulated camera output. We notice that it is
almost a constant flat spectrum, representing an identity transform. The corresponding estimated frequency response for a 5 × 5 average filtered image is shown
in Figure 4.5(b), and the actual coefficients are shown in Figure 4.5(c) for comparison. The similarity among the estimated and the actual coefficients justifies the
performance of the the blind deconvolution algorithms.
A closer look at the frequency response of the manipulation filter for an unmanipulated camera output, shown in Figure 4.5(a), suggests minor deviations
from an ideal flat spectrum. These deviations are attributed to the various postinterpolation processing that are done inside the cameras such as compression,
denoising, and white balancing. To compensate for these minor deviations, we
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use the spectral response Href , obtained using the blind deconvolution algorithm,
from an authentic camera output as reference. Given the test input St , we find the
frequency domain coefficients of the manipulation filter Ht and compare it with
Href to measure the similarity among the coefficients. More specifically, we first
find Θt = log10 (|Ht |) to obtain the logarithm of the magnitude of the frequency
response, and compute the similarity between the coefficients of the test input and
the reference image using the similarity score defined as
s(Θt , Θref ) =

X
m,n

(Θt (m, n) − µt ) × (Θref (m, n) − µref ) ,

(4.11)

where µt denotes the mean of the Θt , and µref represents the mean of the Θref .
The test input is then classified as unmanipulated if the similarity to the reference
pattern is greater than a suitably chosen threshold. On the other hand, if the
input image has undergone tampering or steganographic embedding operations,
the estimated manipulation filter coefficients would include the effects of both
the post-camera manipulation operations along with post-interpolation processing
inside the camera. In this case, the manipulation filter coefficients would be less
similar to the reference pattern, and the similarity score would be lower than the
chosen threshold.
We examine the performance of the threshold based classifier in terms of the
receiver operating characteristics (ROC) [124]. For each original image, we compute the frequency response of the equivalent manipulation filter and measure its
similarity with the reference filter pattern. The fraction of original images with a
similarity score lower than a threshold τ is found to give the false alarm probability
PF . Similarly, we record the fraction of manipulated images (filtered in this case)
with a similarity score less than τ to give the probability of correct decision PD .
We repeat this process for different decision thresholds τ , and arrive at the ROC as

76

Receiver Operating Characteristics for Simulated Data
1
0.9
0.8
0.7

PD

0.6
0.5
0.4
0.3
0.2
0.1
0

0

0.2

0.4

0.6

0.8

1

P

F

Figure 4.6: Receiver operating characteristics for distinguishing between simulated
camera outputs and its filtered versions.
shown in Figure 4.6. We observe from the figure that the proposed scheme attains
a PD ≈ 1 for PF = 0. This suggests that the proposed scheme can effectively
distinguish between direct camera outputs and its filtered versions.

4.3

Detecting Tampering on Camera Captured
Images

Forensic evidence obtained by analyzing the coefficients of the manipulation filter
provides clues about possible image tampering. Most often, creating a realistic
tampered image involves a series of post-camera processing operations such as filtering, compression, resampling, contrast change, and others, that may be applied
globally to the entire image or locally to different regions of the image. These
processing operations leave distinct traces in the final picture and can be detected
using the threshold based classifier by comparing the estimated manipulation filter
coefficients with the reference pattern. In this section, we study the performance of
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the proposed techniques for detecting different types of global image manipulations
with real camera data. The forensic methodologies discussed in this section can be
extended to detect local tampering by applying the techniques on a block-by-block
basis.

4.3.1

Simulation Setup

A total of nine camera models as shown in Table 4.1 are used in our experiments. For each of the nine camera models, we have collected about 100 images. The images from different camera models are captured under uncontrolled
conditions−different sceneries, different lighting situations, and compressed under
different JPEG quality factors as specified by default values in each camera. The
default camera settings (including image size, color correction, auto white balancing, and JPEG compression) are used in image acquisition. From each of these
images, we randomly crop a 512 × 512 portion and use it for subsequent analysis.
Thus, our camera image database consists of a total of 900 different 512 × 512
pictures. These images were then processed to generate 21 tampered versions per
image to obtain 18900 manipulated images, and the 21 manipulation settings are
listed in Table 4.2.

4.3.2

Classification Methodology and Simulation Results

We study the discriminative capabilities of our proposed schemes in terms of the
ROC of the hypothesis testing problem with the following two hypotheses:
• Υ0 : image is a direct camera output,
• Υ1 : image is not a direct camera output and is possibly manipulated.
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Table 4.1: Camera models used in experiments.
No.

Camera Model

No.

Camera Model

1

Canon Powershot A75

6

Canon EOS Digital Rebel

2

Canon Powershot S410

7

Nikon E4300

3

Canon Powershot G6

8

Fujifilm Finepix S3000

4

Canon Powershot S400

9

Sony Cybershot DSC P72

5

Canon Powershot S1 IS

For each image, we compute the frequency domain coefficients of the estimated
manipulation filter and determine its similarity with the chosen reference pattern.
Images with a similarity score greater than a threshold are classified as authentic.
To choose the reference pattern, we randomly select a set of Nt training images
along with its manipulated versions in the training stage. Using each of these Nt
images, we compute the in-class and out-class similarity scores. More specifically,
given the ith image (1 ≤ i ≤ Nt ), we calculate the in-class similarity scores by
comparing the manipulation filter estimated from the ith image and the estimates
obtained from the remaining (Nt − 1) images using (4.11). The out-class scores
are then found by quantifying the similarity among the manipulation filter of the
ith image and the filter coefficients derived from the remaining tampered images.
Using a threshold τ , the fraction of direct camera outputs with a similarity score
lower than τ is computed to give the false alarm probability PF = Pr(Υ1 |Υ0 ), and
the fraction of manipulated images with a similarity score less than τ is found to
give the probability of correct decision PD = Pr(Υ1 |Υ1 ). We repeat this process for
different decision thresholds τ to arrive at the ROC, and compute the area under
the curve. These steps are performed separately with each of the Nt images in
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Table 4.2: Tampering operations included in the experiments.
Manipulation Operation

Parameters of the Operation

Number of Images

Spatial Averaging

Filter orders 3-11 in steps of 2

5

Median Filtering

Filter orders {3, 5, 7}

3

Rotation

Degrees {5, 10, 15, 20}

4

Resampling

Scale factors

6

{0.5, 0.7, 0.85, 1.15, 1.3, 1.5}
Additive Noise

PSNR 5dB and 10 dB

2

Histogram Equalization

1

Total

21

the training stage, and the manipulation filter coefficients that gives the maximum
area under the ROC curve is chosen as the reference pattern. After choosing the
reference pattern in the training stage, we compute the in-class and out-class similarity scores by comparing the chosen reference pattern with the filter coefficients
obtained from the remaining camera outputs and its corresponding tampered versions, respectively, in our database in the testing stage. The corresponding ROC
curves are obtained through this process.
Testing with Images from Canon Powershot A75
We test the performance of the proposed techniques using the 100 images from
Canon Powershot A75. We choose this camera for two reasons: (a) based on our
experimental studies, we observe that a linear shift-invariant model for the color
interpolation coefficients fits well with the cameras’ interpolation in each type of
region and gives a very low fitting error; and (b) we observe that this Canon camera
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Figure 4.7: Receiver operating characteristics for tampering detection for images
from Canon Powershot A75 when 50 images are used in training and the remaining
50 images are used in testing.
uses the same JPEG quantization table for all images that it captures, invariant
of the input scene. Therefore, all images from the camera undergo the same kind
of post-processing operations after color interpolation.
For our analysis with images from Canon Powershot A75, we use a randomly
chosen set of 50 images for training, and test on the remaining 50 images along
with the corresponding 50 × 21 tampered images. Figure 4.7 shows the performance of the threshold based detector averaged over 100 iterations. At relatively
low PF around 10%, the probability of correct detection is about 80% − 95% for
most types of manipulations tested. Here, the results are based on a two-class
classification problem, wherein the first class includes the direct camera outputs
and the second class consists of camera outputs that have undergone a specific
type of manipulation.
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Testing with Diverse Inputs from Multiple Cameras
We now examine the performance of the proposed techniques under diverse input conditions. More specifically, we use all the 900 direct camera output images
for the untampered dataset. These images were captured under the default camera settings and may have undergone different kinds of in-camera post-processing
operations such as JPEG compression after color interpolation.
Figure 4.8 shows the ROC curve for detecting each manipulation. Here, we use a
randomly chosen set of 200 images to train the classifier and test with the remaining
700 images; the experiments are repeated over 100 times to obtain an average
ROC curve. In this case, we observe that for PF close to 10%, the probability of
correct detection is close to 100% for such manipulations as spatial averaging and
additive noise, and around 70%−80% for median filtering, histogram equalization,
and rotation. These results are better than other work in the literature that are
applicable to blind tampering detection [36, 112].
Comparing the results in Figure 4.8 with the results with the Canon Powershot A75 in Figure 4.7, we notice around 5% − 10% performance drop in detection
accuracy for the same false positive rate. This reduction in performance can be attributed to the different types of post-processing operations performed after color
interpolation in various camera brands and models. In our future work, we plan to
estimate the parameters of such post-interpolation operations as JPEG compression [84] and white balancing, and include them into the system model to bridge
the performance gap.
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Figure 4.8: Receiver operating characteristics for tampering detection when tested
with all images in the database with 200 images are used in training.
Training and Testing using Inputs from Different Cameras
The proposed techniques are non-intrusive and do not require that the actual
camera make/model be used in the training set. To demonstrate this aspect, we
test the performance of the proposed techniques using 100 images from Canon
Powershot A75 and 100 images from Sony Cybershot DSC P72. We randomly
choose 50 out of 100 Canon Powershot A75 images and use them for training to
identify the reference pattern; the 100 images from Sony Cybershot DSC P72 are
used in testing. The performance results, averaged over 100 iterations, are shown in
Figure 4.9. The figure shows that the performance is good for most manipulations
and for PF around 10%, the probability of correct detection is close to 80% − 90%.
This result is comparable to the plots in Figure 4.7 and Figure 4.8. The drop in
performance for some manipulations such as resampling can be attributed to the
absence of the original camera make/model in training.
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Figure 4.9: Receiver operating characteristics for tampering detection when images
from Canon Powershot A75 are used in training and images from Sony Cybershot
DSC P72 are used in testing.

4.3.3

Tampering Forensics using the Estimated Manipulation Filter Coefficients

The estimated filter coefficients can also be employed to quantify the likelihood
and degree of tampering, and to identify the type and parameters of the tampering
operation. In this subsection, we show that the similarity score can be used to
define a camera-model fitting score to evaluate the amount of tampering that the
test image has undergone. For our experiments, we first choose six good reference
patterns that give the highest area under the ROC curve. The camera-model
fitting score for the test image is then defined as the median of the similarity
scores obtained by comparing the estimated coefficients of the test image with the
ones obtained from each of the six reference patterns. The higher the fitting score
is, the greater the likelihood that the test image is a direct camera output without
further processing.
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We examine the variation of the camera-model fitting score as a function of the
degree of tampering for all the manipulations listed in Table 4.2. Figure 4.10(a)
and Fig 4.10(b) show the camera-model fitting score as a function of the filter
order for spatial averaging and median filtering, respectively. In both cases, we
observe that the fitting score reduces as the filter order increases and as the degree
of tampering increases. Further, the score is less than −1000 for all average filtered
images. This low value is because of the distinct nulls in the frequency spectrum
of the manipulated filter, estimated from filtered images, making it very different
from the flat reference pattern.
Figure 4.11(a) and (b) show the camera-model fitting score as a function of the
angle of rotation and the resampling rate, respectively. For manipulations such as
rotations, the average fitting scores for manipulated images are less than zero as
can be seen in Figure 4.11(a), and therefore the detection algorithm can efficiently
identify rotations by setting an appropriate threshold close to zero. For image
resampling, the results from Figure 4.11(b) indicate that the average camera-model
fitting score reduces as the resampling rate deviates from 100% and therefore these
manipulations can be detected with the threshold based classifier. Similar trend
is also observed for additive noise and the fitting score reduces as the strength of
additive noise increases.
The estimated manipulation filter coefficients can also be employed to identify
the type and parameters of post-camera processing operations. In Figure 4.12,
we show the frequency response of the estimated manipulation filter coefficients
for the different types of manipulations listed in Table 4.2. A closer look at the
manipulation filter coefficients in the frequency domain suggest noticeable differences for the different kinds of tampering operations. For such manipulations as
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Figure 4.10: Variation of the camera-model fitting score as a function of the filter
order for (a) average filtering and (b) median filtering.
average filtering, we observe distinct nulls in the frequency spectrum and the gap
between the nulls can be employed to estimate the order of the averaging filter
and its parameters. Image manipulations such as additive noise result in a white
noisy spectrum as shown in Figure 4.12(g), and the strength of the noise can be
computed from the manipulation filter coefficients. Rotation and downsampling
can be identified from the smaller values in the low-high and the high-low bands
of the frequency spectrum of the manipulation filter. In our future work, we plan
to further investigate on employing the estimated intrinsic fingerprints of postcamera processing operations to provide forensic evidence about the nature and
parameters of the tampering that the image has undergone. Such analysis may
help re-create the original image from its corresponding tampered versions.
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Figure 4.11: Variation of the camera-model fitting score as a function of the degree
of tampering for (a) image rotations and (b) resampling.

4.3.4

Attacking the Proposed Tampering Detection Algorithm

In the work presented so far, we have considered direct camera outputs as authentic
images and presented methods to distinguish them from other images that have
undergone post-camera manipulations. In this subsection, we examine the other
side of the problem from the attackers’ viewpoint. Given the knowledge of the
proposed tampering detection algorithm, the attacker could potentially come up
with better tampering operations to foil the detector. We illustrate it with a
particular attack as follows:
In Step 1 of the tampering process, the attackers estimate the color interpolation coefficients using component forensics methodologies described in Section
3.2 . After estimating the color interpolation coefficients, the attacker proceeds to
Step 2 to tamper the image by applying such post-camera operations as filtering
and resampling; then in Step 3 the attacker re-enforces the camera constraints via
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150

Figure 4.12: Frequency response of the manipulation filter for camera outputs that
are manipulated by (a) 7 × 7 averaging filter, (b) 11 × 11 averaging filter, (c) 7 × 7
median filter, (d) 20 degrees rotation, (e) 70% resampling, (f) 130% resampling, (g)
noise addition with PSNR 20dB, and (h) histogram equalization. The frequency
response is shown in the log scale and shifted so that the DC components are in
the center.
(4.3) using the estimated camera component parameters obtained earlier in Step 1.
Figure 4.13(a) shows the in-class and the out-class similarity scores obtained by
comparing the reference patterns with the direct camera outputs and the tampered
versions by the above three-step process, respectively, for the scenario when the
camera input is tampered by down-sampling to half its original size in Step 2, before enforcing the camera constraints in Step 3. We notice from the figure that the
in-class and the out-class distances are well separated, and an appropriate threshold value τ ≈ −200 can be used to distinguish the two classes. The ROC curve
computed using the threshold based classifier is shown alongside in Figure 4.13(b).
The figure suggests that the classifier still performs well and gives a PD close to
100% even for low values of PF close to 1%. The reason behind the superior performance is because the tampered images have undergone several manipulations,
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Figure 4.13: Performance results for reverse engineering attacks: down-sampling
by 50% followed by camera-constraint re-enforcement. (a) In-class and out-class
similarity scores, (b) Receiver operating characteristics for the tampering detection
problem.
each of which introduce some inherent traces in the final output image, and the
Step 3 restoration process is not able to completely disguise the attacks from the
iterative forensic analysis algorithm. Thus, the proposed techniques can efficiently
resist such attacks.

4.4

Further Discussions and Applications

The results in the previous section demonstrate that the intrinsic fingerprint traces
left behind in the final digital image by the post-camera processing operations can
provide a tell-tale mark to robustly detect global manipulations. In this section,
we show that the estimated filter coefficients can also be employed to detect other
kinds of post-camera processing operations such as steganographic embedding and
watermarking. Further, any change or inconsistencies in the estimated in-camera
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Figure 4.14: Performance results for steganalysis of (a) F5 algorithm and (b)
Steghide at different embedding rates.
fingerprints, or the presence of new post-camera fingerprints provide clues to detect
cut-paste tampering and to determine if the given image was produced using a
camera, a scanner, or a computer graphics software.

4.4.1

Applications to Universal Steganalysis

Watermarking and steganographic embedding may also be modeled as post-processing
operations applied to camera outputs, and the estimated post-camera fingerprints
can be utilized to identify them. Steganography is the art of secret communication whereby the hidden information is transmitted by embedding it on to the
host multimedia. Over the past few years, there have been a number of steganographic embedding algorithms using digital images as hosts for covert communication [44,47,60,91,142]. In the same period, several steganalysis methods have been
proposed to identify the presence of hidden data in multimedia. While embeddingspecific steganalysis [45] target specific embedding algorithms, universal steganal-
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ysis [9, 88] are designed to identify more than one type of steganography. With an
increasing number of steganographic embedding algorithms, there is a strong need
for robust universal methods for blind steganalysis. As can been seen from our
results, the proposed intrinsic fingerprinting techniques facilitate blind steganalysis
by distinguishing authentic camera outputs from images with hidden content.
A common challenge of steganalysis is how to model the ground truth original non-stego image data. In our work, we consider direct camera outputs as
non-stego data and apply the camera model to characterize its properties; image
manipulations such as watermarking and steganography are then modelled as postprocessing operations applied to camera outputs. In this subsection, we show that
these embedding algorithms leave behind statistical traces on the digital image
that can be detected by analyzing the coefficients of the manipulation filter, and
examine the performance of our proposed techniques for identifying the presence
of hidden messages in multimedia data.
We test the performance of the threshold based detector in distinguishing authentic camera outputs from stego data. In our experiments, we use the same
camera data set with 100 images of size 512 × 512 from Canon Powershot A75
camera [127]. Stego images are then generated by embedding random messages of
different sizes into the cover images. Generally speaking, the maximum embedding
payload depends on the nature of the cover image and the data hiding algorithm.
For our simulations, we first find the average of the maximum embedding payload
across 100 images and then embed messages at 100%, 75%, and 50% of this value.
For our study, we consider three popular steganographic embedding methods that
employ different approaches to hide information – F5 [142], steghide [60], and
spread spectrum steganography [91].
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Performance Results for LSB Embedding
Least Significant Bit (LSB) embedding methods have been widely used for data
hiding. Many algorithms such as Jsteg, JPEG hide-and-seek [77], Outguess [113],
and F5 [142] embed a secret message into the LSB of the DCT coefficients of the
cover image. For a survey of LSB methods, see [114] and the references therein.
Most LSB embedding methods such as JPEG hide-and-seek [77] and Outguess [113]
replace the LSB of the DCT coefficients with the secret message, and statistical
steganalysis using χ2 -test can be used to detect them [143]. In our work, we focus
on the embedding methods of F5 and steghide.
The F5 technique that has been shown to be resilient to such statistical attacks
based on χ2 -test [142], although it was subsequently broken in [45] by histogram
analysis of DCT coefficients. The F5 embeds data through matrix encoding by
decrementing the absolute value of the DCT coefficients. In our experiments with
F5, we estimate the average maximum payload across 100 color images to be
around 12 KB. The stego images are then generated by embedding secret messages of size 12 KB, 9 KB, and 6 KB using the software [141], respectively. The
detection results are shown in Figure 4.14(a) for different embedding rates. We
notice that the proposed algorithms perform with reasonable accuracy giving an
average detection accuracy close to 62% and 50% respectively at 100% and 75%
average embedding rates for false alarm probabilities around 1%. These results
are comparable to the wavelet statistics based steganalysis technique [88], which
reports average accuracies of 62% and 52% at the embedding rates of 100% and
78%, respectively.
Steghide preserves the first-order statistics of the image and can provide high
message capacity. Steghide employs a graph-theoretic approach to embed the
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secret messages on multimedia data. The message is hidden by exchanging rather
than overwriting pixels [60]. A graph is first constructed from the cover data to
the secret message. The pixels to be modified are represented as vertices and are
connected to possible partners by edges. A combinatorial problem is then solved
to embed the secret message by exchanging samples. In our studies with steghide,
we estimate the average maximum payload across 100 color images to be around
32 KB for a 512 × 512 color image. The stego images are then generated by
embedding secret messages of size 32 KB, 24 KB, and 16 KB using the software
[59], respectively. The detection results are shown in Figure 4.14(b) for different
embedding rates. We notice that the proposed algorithms can efficiently identify
steghide at 100% and 75% embedding rates with the probability of identifying stego
data close to 100% for a false alarm probability of 1%. However, the performance
reduces significantly when the secret message length is reduced to 50% capacity
at 16 KB. These results are better than the wavelet statistics based steganalysis
technique [88], which reports average accuracies of 77% and 60% at 100% and 78%
embedding rates, respectively.
Performance Results for Spread Spectrum Embedding
Next, we study the performance of spread spectrum embedding methods. BlockDCT based spread spectrum embedding have been widely used in literature for
data hiding, watermarking, and steganography [146] for a wide variety of applications. Detecting spread spectrum steganography has been a challenging problem
over the last decade, and statistics based schemes typically do not perform well
in distinguishing original cover data and stego pictures. To our best knowledge,
the only work that addresses spread spectrum steganalysis is by Avcibas et al. [9],
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where it was shown that image quality metrics may be used as features to identify
such embedding. In their work, the authors show that they can attain an average
probability of correct decision of 80% with 40% false alarm probability when tested
with 10 images. We test the performance of the proposed intrinsic fingerprint system for spread spectrum embedding. In our experiments, we use the same camera
data set with 100 Canon Powershot A75 images of size 512 × 512 as our authentic
set. Stego images are then generated by adding pseudo-random watermarks at
different peak signal-to-noise ratios (PSNR) of 38dB, 40dB, and 42dB. The manipulation filter coefficients are estimated for the cover and the stego data, and
classified with the threshold based classifier. Figure 4.15 shows the performance
results for different PSNRs. We note that the average identification accuracy is
close to 100% for PSNRs of 38dB and 40dB, and reduces to 91% for 42dB PSNR.
These results demonstrate the superior performance of the proposed techniques.
In addition to the three steganographic schemes mentioned above, we also
test the performance of our algorithms for such embedding techniques as stochastic modulation [44] and perturbed quantization (PQ) steganography [46, 47]. In
stochastic modulation steganography [44], a weak noise signal with a noise distribution chosen to mimic the noise produced by the image acquisition device is added
to the cover image to embed the message bits. In the case of digital cameras, it has
been shown that the sensor and hardware noise are best modelled to be Gaussian
distributed [44, 58] and therefore detecting stochastic modulation steganography
can be considered equivalent to detecting the presence of additive Gaussian noise
in an image captured by a digital camera. Our results suggest that such embedding can be detected with a very high accuracy with a PD close to 100% for low
values of PF about 1% using the proposed forensic analysis techniques. Perturbed
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Figure 4.15: Performance results for spread spectrum embedding at different
PSNR.
quantization steganography embeds information in the DCT coefficients by quantizing the values either up or down depending upon the message to embedded.
The set of changeable coefficients is first found by identifying those coefficients
whose fractional part (i.e., difference between the actual value and the quantized
value) is lower than a pre-chosen threshold [47]. For our experiments with PQ
steganography, we use the 100 Canon Powershot A75 images of size 512 × 512,
JPEG compressed in the camera with the default quality factor close to 97%, as
our authentic set. Stego images are created by randomly embedding messages into
these images and quantizing them to a quality factor of 70%. Steganalysis for this
scheme is more challenging and the proposed techniques are able to identify such
manipulations with PD close to 70-80% under a PF ≈ 25%.
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4.4.2

Distinguishing Camera Capture from Other Image
Acquisition Processes

The proposed forensics methodology can be used to authenticate the source of the
digital color image. Evidence obtained from such forensic analysis would provide
useful forensic information to law enforcement and intelligence agencies as to if
a given image was actually captured with a camera or scanner, or generated using computer graphics software. We demonstrate this application with two case
studies.
Photographs vs Scanned Images
Digital cameras and image scanners are two main categories of image acquisition
devices. While a large amount of pictures of natural scenes are taken with digital
cameras, scanners have been increasingly used for digitizing documents. Rapid
technology development and the availability of high quality scanners has in part
led to more sophisticated digital forgeries. In this case study, we are interested in
determining if a digital image is produced by a camera or a scanner. The motivation
behind employing the proposed techniques for device identification is based on the
observation that the manipulation filter coefficients for an authentic camera output
would be close to a delta function, and the corresponding coefficients for a scanned
image would represent the scan process.
For our study, we choose 25 different images from four camera models to give a
total of 100 images for the camera image data set. We then collect another set of
25 different photographic images from several cameras with diverse image content.
These photographs are printed and then scanned back using 4 different scanner
models: (a) Canon CanoScan D1250U2F, (b) Epson Perfection 2450 photo, (c) Mi-
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Figure 4.16: Receiver operating characteristics for classifying authentic camera
outputs from scanned images.
crotek ScanMaker 3600, and (d) Visioneer OneTouch 5800USB. These 25×4 = 100
images form our scanned image data set. We test our proposed methods for these
200 images. The frequency response of the manipulation filter is estimated and
compared with a reference pattern. The ROC obtained using the threshold based
classifier is shown in Figure 4.16. Here PD denotes the fraction of scanned images
that are correctly classified as scanned, and PF represents the fraction of camera
outputs mis-classified as scanned. We observe from the figure that the probability of correct decision PD is around 92% for 1% false probability rate. These
results indicate that our proposed methods can effectively distinguish between the
camera-captured and scanned images.
Photographs vs Photo Realistic Computer Graphics
With an increasing number of sophisticated processing tools, creating realistic imagery has become easier. Modern graphic synthesis and image rendering tools can
be used to reproduce photographs to a very high degree of precision and accuracy,
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and therefore, the problem of distinguishing camera outputs from photorealistic
computer graphics has become important. In this case study, we employ our
proposed framework to distinguish digital photographic images and photorealistic
graphics images. For our study, we use a set of 100 images from 4 camera models
to create the camera image dataset. A randomly chosen set of 100 photorealistic
computer graphics images, obtained from the Columbia dataset [101] constitute
our photorealistic computer graphics data set. We use a cropped sub-image of size
512 × 512 to estimate the coefficients of the manipulation filter. The estimated
frequency response is then compared with the reference pattern and a threshold
based classifier is used to distinguish authentic camera outputs from graphics images. The results of our analysis, in terms of the receiver operating characteristics
(ROC), are shown in Figure 4.17. Here PD denotes the fraction of graphics images that are correctly classified as photorealistic, and PF represents the fraction
of photographs classified as computer generated. A large area under the ROC
curve suggests that our proposed method can distinguish between the two classes.
These results are comparable to the geometry based features proposed in [102],
and are better than the wavelet features [36] and the cartoon features based classifiers tested in [102]. Different from the geometry based features in [102] that are
motivated by the modelling the computer graphics creation tools and the artifacts
produced therein, our method focuses on finding the algorithms and parameters of
the imaging process in digital cameras to distinguish digital photographic images
from photorealistic computer graphics.
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Figure 4.17: Receiver operating characteristics for classifying authentic camera
outputs from photorealistic computer graphics.

4.5

Chapter Summary

In this chapter, we propose a set of forensic signal processing techniques to verify
whether a given digital image is an direct camera output or not. We introduce a
new formulation to study the problem of image authenticity. The proposed formulation is based on the observation that each in-camera and post-camera processing
operation leave some distinct intrinsic fingerprint traces on the final image. We
characterize the properties of a direct camera output using a camera model, and
estimate its component parameters and the intrinsic fingerprints. We consider any
further post-camera processing as a manipulation filter, and find the coefficients of
its linear shift-invariant approximation using blind deconvolution. A high similarity of the estimated coefficients and the reference pattern that corresponds to no
manipulations, certifies the integrity of the given image. We show through detailed
simulation results that the proposed techniques can be used to identify different
types of post-camera processing, such as filtering, resampling, rotation, etc. Evi-
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dence obtained from such forensic analysis is used to build a universal steganalyzer
to determine the presence of hidden messages in multimedia data. Our results suggest that we can efficiently detect different types of embedding methods such as
least significant bit (LSB) and spread spectrum techniques with a high accuracy.
The estimated post-camera fingerprints are also employed for image acquisition
forensics to establish if a given digital image is from a digital camera, a scanner,
or a computer graphics software. Overall, our proposed techniques provides a
common framework for a broad range of forensic analysis on digital images.

Appendix: Convexity of the Optimization Problem and Uniqueness of Solution
In this appendix, we show that the optimization formulation in (4.4) is convex if
the camera’s color interpolation coefficients are known. A function J is said to be
convex if for any u1 , u2 and 0 ≤ λ ≤ 1, we have
J(λu1 + (1 − λ)u2 ) ≤ λJ(u1 ) + (1 − λ)J(u2 ).
Since J(u) in (4.4) is a sum of two quadratic functions, it is sufficient to show
that these two functions are convex. Let
J(u) =

3
X

(Jc1 (u) + Jc2 (u)),

c=1

where
Jc1 (u) =

"
X X
x,y

m,n

#

 2
u(m, n, c) Ŝt (x − m, y − n, c) − St (x − m, y − n, c)
,

and
X
Jc2 (u) = (
u(m, n, c) − 1)2 .
m,n
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Here, Ŝt denotes the estimate of the test image St obtained by imposing the camera
constraints:
Ŝt (x, y, c) =



 P

m,n

αℜi (m, n, c)St (x − m, y − n, c) ∀{x, y} ∈ ℜi , and 1 ≤ c ≤ 3,


 St (x, y, c)

otherwise.

In the above equation, αℜi denotes the color interpolation coefficients employed in
the camera to render the test image St . In the absence of additional information,
the values of αℜi can be non-intrusively estimated from the test image as long
as St is a direct camera output or an image that has undergone minor levels of
post-interpolation processing. Now, defining
ϕi (x, y, c) =

X
m,n



ui (m, n, c) Ŝt (x − m, y − n, c) − St (x − m, y − n, c) ,

we get
Jc1 (λu1 + (1 − λ)u2 ) =

X
x,y

= λ

[λϕ1 (x, y, c) + (1 − λ)ϕ2 (x, y, c))]2

X
x,y

ϕ1 (x, y, c)2 + (1 − λ)

−λ(1 − λ) ×
=

λJc1 (u1 )

≤

λJc1 (u1 )

X
x,y

X

ϕ2 (x, y, c)2

x,y

(ϕ1 (x, y, c) − ϕ2 (x, y, c))2

+ (1 − λ)Jc1 (u2 )
X
−λ(1 − λ) ×
(ϕ1 (x, y, c) − ϕ2 (x, y, c))2
x,y

+ (1 − λ)Jc1 (u2 ),

where the last inequality follows from 0 ≤ λ ≤ 1. This shows that Jc1 is convex.
Similarly, we can show that the quadratic function Jc2 is also convex, and therefore
establish the convexity of J.
To show that the solution of the optimization problem is unique, we make use of
a theorem in optimization theory that states that solution of a convex optimization
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problem with a cost function J is unique if the cost function is unimodal [61, 74],
i.e., ∇2 J(u) > 0 for all u. Defining Ψ(x, y, c) = St (x, y, c) − Ŝt (x, y, c), we can
show that
X
∂2J
= 2
Ψ(x − ai , y − bi , c)Ψ(x − aj , y − bj , c)
∂u(ai , bi , c)∂u(aj , bj , c)
x,y
+2u(ai , bi , c)u(aj , bj , c),

= 2 < Λ(ai ,bi ,c), Λ(aj ,bj ,c) >,
where Λ(ai ,bi ,c) represents a vector of length (H×W +1) consisting of all the elements
of Ψ(x−ai , y−bi , c) for all x and y along with the element u(ai, bi , c). Arranging the
vectors Λ(ai ,bi ,c) column-wise, we construct the matrix Ωc = [Λ(a1 ,b1 ,c) Λ(a1 ,b2 ,c) . . .] of
dimension (H × W + 1) × (Nu2 ) for c = 1, 2, 3. We can then show that ∇2 J(u) =
P
2 3c=1 Ωc ΩTc > 0. Thus, the cost function is unimodal and therefore its solution
unique.
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Chapter 5
Theoretical Analysis of
Component Forensics
In Chapter 3 and Chapter 4, we introduced component forensics as a new methodology for forensic analysis, and showed that evidence obtained from component
forensic analysis can be used in a number of applications including discovering
patent infringement, authenticating image acquisition source, detecting tampering,
and for fostering evolutionary studies. When security is compromised, intellectual
rights is violated, or authenticity is forged, component forensic methodologies can
be employed to reconstruct what have happened to the content to answer who has
done what, when, where, and how. In the previous chapters, we used the intrinsic
fingerprint traces left behind in the final digital image by the different components
of the imaging device as evidence to estimate the component parameters and to
answer the forensic questions. However, as the intrinsic fingerprint traces pass
through the different parts of the information processing chain, some of them may
be modified or destroyed and some others newly created. Therefore, the goodness
of this forensic evidence depends to a great extent on the accuracy at which they
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can be obtained and this limits their usage.
Let us consider the example of bootlegging. In recent times, an increasing number of movies have been re-shot with camcorders directly from the theater where
they are screened, and sold in the market. This kind of piracy incurs a significant
loss to the copyright industry. Complementary to watermarking and fingerprinting
technologies that help track such illegal reproduction, forensic analysis can help
to trace the origin and authenticity of digital data. The knowledge of the source
camera or camcorder (and its brand/model) that was used to capture the data
and information about the the display device (such as a flat-screen or projector)
from where the image/video was recorded can help identify both the person who
illegally captured the video and the place where the video was shot. To establish
such forensic evidence regarding the source and display characteristics in courts, a
higher confidence in the decision and a higher accuracy in parameter estimation is
strongly desired. However, such accuracies may not always be attained in practice
via multimedia forensic analysis due to its inherent fundamental limits. In the
bootlegging example, some traces of the projector employed in the theater might
be lost and new fingerprint traces about the camcorder itself might be inserted.
Hence, the data obtained from the final camcorder alone may or may not help compute the parameters of the display device. This leads to further forensic questions
as to what components are identifiable and what are not.
In this chapter, we introduce a novel theoretical framework for component
forensics to quantify the accuracies at which the intrinsic fingerprints and the
component parameters can be estimated. We develop formal notions of identifiability of components and investigate fundamental performance bounds. We define
a component as the basic unit of the information processing chain to facilitate
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theoretical analysis and consider two different scenarios. In the first scenario, we
assume no prior knowledge about the component or the possible subset of algorithms employed by the component, and develop a framework based on estimation
theory and Cramer-Rao lower bounds to quantify the accuracies in estimating the
parameters of several components in the information processing chain [126, 134].
Details of this work are presented in Section 5.1. This theoretical framework has
useful in applications where there the forensic analyst has no prior knowledge about
the forensic system.
In some forensic applications, additional side information may be available to
the forensic analyst [130,134]. For instance, in the bootlegging example, geographic
constraints can be enforced to narrow down on a possible set of theaters (and their
display parameters) from where the movie could have been illegally recorded using
a camcorder. In the presence of such additional information, the component parameters could be found with a higher accuracy from among the available sample
set of algorithms by reformulating the estimation problem as a classification problem. In Section 5.2, we consider this scenario and develop a theoretical framework
for media forensics under the assumption that the component parameters take values from a finite set of possible algorithms. We derive conditions under which a
component is forensically classifiable and present case studies to demonstrate the
applications of this framework for a wide range of forensic tasks.
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5.1

Theoretical Analysis via Estimation Framework

In this section, we introduce a theoretical framework for component forensics and
examine the conditions under which the parameters of a component can be estimated accurately. We quantify the accuracy of estimation in terms of bias and
variance of the estimator and derive performance bounds based on Fisher Information. We first review Fisher information in Section 5.1.1 and then introduce the
theoretical formulation in Section 5.1.2.

5.1.1

Fisher Information and Cramer-Rao Lower Bound

Fisher information is the amount of information that an observable random variable
Z carries about an unobservable parameter θ [48]. It is mathematically given by
(
2 )
∂
ln f (Z|θ)
,
(5.1)
I(Z, θ) = Eθ
∂θ
where f (Z|θ) denotes the probability density function (pdf) of Z conditioned on
the value of the parameter to be estimated θ, and the notation Eθ denotes that
the expectation is performed conditioned on the value of the parameter θ. The
significance of the Fisher information is given by the Cramer-Rao lower bound
(CRLB). According to the CRLB, the average estimation error given an estimator
θ̂(Z) is lower bounded by
Eθ (θ̂(Z) − θ)2 ≥

Eθ

h
1+
n
∂

∂
b(θ̂, θ)
∂θ

i2

ln f (Z|θ)
∂θ

2
2 o + b(θ̂, θ) ,

(5.2)

where b(θ̂, θ) denotes the bias of the estimator and is given by
b(θ̂, θ) = Eθ (θ̂(Z)) − θ.
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(5.3)

If the estimator, θ̂(Z), is unbiased, b(θ̂, θ) = 0 and (5.2) reduces to
Eθ (θ̂(Z) − θ)2 ≥

1
Eθ

n

∂
∂θ

ln f (Z|θ)

−1
2 o = I(Z, θ) ,

(5.4)

suggesting that the variance of the estimator is lower bounded by the inverse of
Fisher information.

5.1.2

Theoretical Analysis using Fisher Information: Background and Definitions

To facilitate theoretical analysis, let ℜx denote a super-set of all possible inputs
that can be given to the k th component Ck , and let ℜy contain the corresponding
outputs. Without loss of generality, let x ∈ ℜx be the input and y ∈ ℜy denote
the corresponding output. Now, we have the following definitions:
Definition 5.1 The parameter θk of a component Ck can be estimated intrusively
using an estimator θˆk (y, x) with an average error Eθk (θˆk (y, x) − θk )2 such that
h
i2
1 + ∂θ∂k b(θˆk , θk )
2
ˆ
h
Eθk (θˆk (y, x) − θk )2 ≥
(5.5)
i2  + b(θk , θk ) = δk (x).
∂
Eθk
ln f (y|x, θk )
∂θk

where b(θˆk , θk ) denotes the bias term given by

b(θˆk , θk ) = Eφ (θˆk (y, x)) − θk .

(5.6)

From the CRLB, it can be shown that any other estimator T (y, x) of the parameter
θk cannot provide error values lower than δk (x), i.e.,
Eθ ((T (y, x) − θk )|x)2 ≥ δk (x).

(5.7)

If the forensic analyst is not allowed to break open the device, then he/she can
either do semi non-intrusive or completely non-intrusive analysis depending on the
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availability of the device. In this case, we may extend the definition to study
multi-component devices. Let a device D with Nc components be represented as
D = {C1 , C2 , . . . , CNc }, and let φ = [θ1 , θ2 , . . . , θNc ]T denote set of the parameters
of all the Nc components in the device. We may now define the following:
Definition 5.2 The parameter set φ of the device D can be estimated semi nonh
i
intrusively with an average error Eφ (φ̂(y, x) − φ)(φ̂(y, x) − φ)T using an esti-

mator

φ̂(y, x) = [θˆ1 (y, x), θˆ2 (y, x), . . . , θˆNc (y, x)]T ,
h
i
T
of the parameter set φ, such that Eφ (φ̂(y, x) − φ)(φ̂(y, x) − φ) ≥ ∆s (x) where



T

∂
∂
−1
bs (φ̂, φ) Is (x, φ)
bs (φ̂, φ)
+ bs (φ̂, φ)bs (φ̂, φ)T . (5.8)
∆s (x)=
∂φT
∂φT

Here,
bs (φ̂, φ) = Eφ (φ̂(y, x)) − φ,

(5.9)

represents the bias term, and Is (x, φ) denotes the Fisher information matrix for
semi non-intrusive forensics with its (i, j)th element given by


d
d
ij
Is (x, φ) = Eφ
ln f (y|x, φ)
ln f (y|x, φ) .
dθi
dθj

(5.10)

As can be seen from (5.8), the accuracy of parameter estimation depends on
the choice of the input to the system and can be improved by designing better
inputs. Motivated by this observation, we define a notion of an optimal input as
follows:
Definition 5.3 An optimal input for semi non-intrusive forensics, x̂e , is the one
that minimizes the average error in parameter estimation, i.e.,
x̂e = arg min ||∆s (x)||d ,
x∈ℜx
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(5.11)

where ||∆s (x)||d represents an appropriate matrix norm or a function of ∆s (x).
The lowest error that can achieved via semi non-intrusive analysis is then given by
||∆s ||d = ||∆s (x̂)||d .
Several definitions of ||.||d are possible. Unless otherwise specified, in this work,
we define minimum of ||.||d to represent element-wise minima. More specifically,
for two matrices ∆1 and ∆2 , we say ∆1 < ∆2 if all the elements of ∆1 are less than
the corresponding entries of ∆2 ; and based on this definition, find the optimal
input as the one that minimizes all the array elements. This definition of ||.||d
could be restrictive in certain applications as there might not be one single input
that minimizes all the entries of the matrix. Later in this section, we consider
particular examples for which this might be possible.
In the case of non-intrusive forensics, the forensic analyst does not have access to the camera at hand and only has some sample images provided to him.
Therefore, in this case, the estimate is done without the knowledge of the input x.
Definition 5.4 A device D with parameter set φ can be estimated non-intrusively
h
i
with an average error Eφ (φ̂(y) − φ)(φ̂(y) − φ)T ≥ ∆n using the estimator, φ̂(y) =
[θˆ1 (y), θˆ2 (y), . . . , θˆNc (y)]T , of the parameter set φ, where



T
∂
∂
−1
∆n =
bn (φ̂, φ) In (φ)
bn (φ̂, φ)
+ bn (φ̂, φ)bn (φ̂, φ)T .
∂φT
∂φT

(5.12)

Here, the bias term is given by
bn (φ̂, φ) = Eφ (φ̂(y)) − φ,

(5.13)

and In (φ) denotes the Fisher information matrix for completely non-intrusive
forensics with its (i, j)th element given by


d
d
ij
In (φ) = Eφ
ln f (y|φ)
ln f (y|φ) .
dθi
dθj
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(5.14)

If the estimator is unbiased, the bias term corresponding to bs (φ̂, φ) in (5.9)
and bn (φ̂, φ) in (5.13) are zero and therefore the error terms ∆s (x) and ∆n depend
only on the Fisher information as
∆s (x) = Is (x, φ)−1 ,

(5.15)

∆n = In (φ)−1 .

(5.16)

Here, the (i, i)th of the matrix ∆s (x) denotes the error in estimating the parameter
of the ith component, and the (i, j)th cross terms of the matrix represent the
interaction between the components i and j in the device.
For the case of digital cameras, the best estimates for most components such as
color interpolation and white balancing are typically unbiased in nature. Therefore, in the rest of our work, we assume an unbiased estimator for which the best
achievable accuracies under semi non-intrusive and completely non-intrusive scenarios are given by (5.15) and (5.16), respectively.

5.1.3

Theoretical Analysis and Fundamental Limits

We may now theoretically establish the following results. All the results presented
in this section are for unbiased estimators.
Theorem 5.1 The average Fisher information obtained for component parameter
estimation via semi non-intrusive forensics is larger than the the corresponding
Fisher information for completely non-intrusive forensics. Expressed mathematically,
E(Is (x, φ)) ≥ In (φ),
where the expectation is performed over all x in the input space ℜx .
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(5.17)

Proof : We show the proof for a single component system and the analysis can be
extended to devices with multiple components. For a device with one component
with parameter φ = θ, we have
(

2 )
∂
Is (x, φ) = Eφ
ln f (y|x, φ)
,
∂φ
(
2 )
∂
In (φ) = Eφ
ln f (y|φ)
.
∂φ

and

(5.18)
(5.19)

Here, the expectations are performed over all output values y given the input x
and component parameter φ in (5.18) and over all output values y given the the
component parameter φ in (5.19), respectively. Taking expectation with respect
to x on both sides of (5.18), we have
(
2 )!
∂
ln f (y|x, φ)
,
E(Is (x, φ)) = E Eφ
∂φ

2
Z
Z
∂
ln f (y|x, φ) f (y|x, φ)p(x)dydx,
=
x∈ℜx y∈ℜy ∂φ
"Z
#

2
Z
∂
1
=
f (y|x, φ)
p(x)dx dy. (5.20)
∂φ
f (y|x, φ)
y∈ℜy
x∈ℜx
Writing (5.19) as
In (φ) =

Z

y∈Rey



∂
f (y|φ)
∂φ

2

1
dy,
f (y|φ)

(5.21)

and expanding f (y|φ), we get

In (φ) =

Z

y∈ℜy


Z


x∈ℜx

n

∂
f (y|x, φ)
∂φ

p

f (y|x, φ)

o

2

p
p
p(x) × p(x)f (y|x, φ)dx
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1
dy.
f (y|φ)
(5.22)

Applying Cauchy-Schwarz inequality to the above equation gives


n
o2
∂
Z

Z
Z
f
(y|x,
φ)
∂φ
1


p(x)dx ×
p(x)f (y|x, φ)dx
dy,
In (φ) ≤

f (y|x, φ)
f (y|φ)
x∈ℜx
y∈ℜy
x∈ℜx
= E(Is (x, φ)) ×

= E(Is (x, φ)).

Z

x∈ℜx


p(x)f (y|x, φ)dx

1
dy,
f (y|φ)

(5.23)

This completes the proof of the theorem.
Theorem 5.1 suggests, as a corollary, that for an unbiased estimator, the component parameter estimation errors obtained using non-intrusive forensics are greater
than the average error obtained via semi non-intrusive analysis, or diag{E(∆s (x))} ≤
diag{∆n }. Here, ‘≤’ of two matrices represents element-wise comparison. Semi
non-intrusive forensics provides additional control to the forensic analyst both in
terms of designing device inputs and input conditions to give better component
parameter estimation results, and this intuitively justifies the reason behind the
result that even on an average, the performance of semi non-intrusive forensics
would be better than completely non-intrusive forensics.
Corollary 5.1 The Fisher information obtained for component parameter estimation via semi non-intrusive forensics is larger than the the corresponding Fisher
information for completely non-intrusive forensics. i.e., Is (φ) = Is (x̂e , φ) ≥ In (φ).
Proof : The proof of the corollary follows from Theorem 5.1 where we showed
that E(∆s (x)) ≤ ∆n , where ‘≤’ represents element-wise inequality. By definition
of optimal input for semi non-intrusive forensics, we have
∆s = min ∆s (x) ≤ E(∆s (x)) ≤ ∆n .
x∈ℜx

This suggests that ∆s ≤ ∆n which completes the proof.
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This result suggests that for an unbiased estimator, the component parameter
estimation errors obtained via semi non-intrusive analysis would be lower than that
obtained via completely non-intrusive analysis, and semi non-intrusive forensics is
therefore better. Next, we examine the conditions under which both semi nonintrusive and completely non-intrusive analysis give the same accuracies.
Theorem 5.2 The Fisher information obtained for component parameter estimation via semi non-intrusive forensics is equal to the Fisher information for completely non-intrusive forensics when the knowledge of the component parameters
do not help in the guessing the input x given the output y. In this scenario, semi
non-intrusive forensics and completely non-intrusive analysis provides the same
accuracies.
Proof : From the definition of Fisher information for semi non-intrusive forensics,
we have
Isij (x, φ)

 


f (x|y, φ)f (y|φ)
∂
f (x|y, φ)f (y|φ)
×
ln
,
= Eφ
p(x)
∂θj
p(x)


∂
∂
ij
= In (φ) + Eφ
ln(f (x|y, φ))
ln(f (x|y, φ))
∂θi
∂θj


∂
∂
ln(f (x|y, φ))
ln(f (y|φ))
+Eφ
∂θi
∂θj


∂
∂
+Eφ
ln(f (x|y, φ))
ln(f (y|φ)) ,
(5.24)
∂θj
∂θi


∂
ln
∂θi



A closer look at (5.24) shows that the equality Is (x, φ) = In (φ) is attained when
∀i,

∂
∂θi

ln(f (x|y, φ)) = 0, or f (x|y, φ) is independent of the component parameters

θi for all 1 ≤ i ≤ Nc . This result also suggests that the knowledge of the component
parameters do not help in the guessing the input x given the output y; thus,
completing the proof of the theorem.
Now, let us consider an example for illustration.
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Example : Consider a device with a single component for which the input-output
relationship is given by
y = αx + n,
where x represents the input to the component, y denotes the corresponding output, α is a constant, and n represents additive noise. For this example, let us
assume that n follows a Gaussian distribution with mean 0 and variance Σn .
φ = {α, Σn } is the component parameter set.
Using the definition of Fisher information for semi non-intrusive forensics, we
can show that




Is (x, φ) = 

x2
Σn

0



0 
.

3
4Σ2n

(5.25)

As a first step, we compute the optimal input for semi non-intrusive forensics from (5.25). We observe from the equation that optimal input maximizes
Is11 (x, φ) =

x2
,
Σn

which is the signal-to-noise ratio (SNR) with signal power equal

to x2 and noise power given by the variance of the noise signal Σn . This suggests
that the optimal input for semi non-intrusive forensics of this component would
be the input that maximizes ||x||d . Defining ||x||d to be the norm of x, we find the
optimal input as the one that maximizes the signal power, i.e., x̂e = maxx∈ℜx |x|.
Next, we derive the Fisher information for completely non-intrusive forensics
under the premise that the input to the system follows a Gaussian distribution
with mean µx and variance Σx , i.e., x ∼ N (µx, Σx ). With this assumption, it
can be shown that the output y also follows a Gaussian distribution with y ∼
N (αµx , α2Σx + Σn ) and therefore, we have

3α2 Σ2x
µ2x
 (α2 Σx +Σn )2 + (α2 Σx +Σn )
In (φ) = 
3αΣx
2(α2 Σx +Σn )2
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3αΣx
2(α2 Σx +Σn )2
3
4(α2 Σx +Σn )2




.

(5.26)

Now, we use the example as an illustration to verify the above mentioned
theorems. Taking expectations on both sides of (5.25) under the assumption that
x ∼ N (µx , Σx ), we have



E(Is (x, φ)) = 

Σx +µ2x
Σn

0



0 
.

3
4Σ2n

(5.27)

Taking the term-by-term difference of (5.26) and (5.27), we get
E(Is11 (x, φ)) − In11 (φ) =

Σx ((α2 Σx − Σn )2 + α2 Σx Σn )
µ2x α2 Σx
+
,
Σn (α2 Σx + Σn )2
Σn (α2 Σx + Σn )

E(Is22 (x, φ)) − In22 (φ) =

3α2 Σx α2 Σx + 2Σn
.
4Σ2n (α2 Σx + Σn )2

(5.28)




(5.29)

Both these terms satisfy E(Isii (x, φ)) − Inii (φ) ≥ 0 for i ∈ {1, 2}, verifying Theorem
5.1. This result suggests that on an average semi non-intrusive forensics can provide
higher estimation accuracies and lower estimation errors than completely nonintrusive forensics. Further, it can be seen from (5.28) and (5.29) that the condition
E(Isii (x, φ)) − Inii (φ) = 0 is satisfied only when Σx = 0 or x is deterministic with
a value equal to µx . This confirms the result in Theorem 5.2 indicating that semi
non-intrusive forensics and completely non-intrusive forensics can provide the same
accuracies when the knowledge of the component parameters do not help in the
guessing the input x given the output y.
Theorem 5.3 For an unbiased estimator, the component parameter estimation
errors obtained via intrusive analysis is lower than or equal to the average estimation errors obtained using semi non-intrusive studies.
Proof : We first consider a simple case of a device D consisting of two components
namely, C1 and C2 and prove the theorem for this case. Let x be the input to the
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device and x ∈ ℜx , and let y be the output of the device, y ∈ ℜy . For sake
of analysis, we define a variable z as the output of the first component which
is provided as an input to the second. Also, let ℜz denote the superset of all
possible intermediate outputs so that z ∈ ℜz . Let φ = [θ1 θ2 ]T denote the device
parameter set with θ1 and θ2 representing the parameters of the first and the second
component, respectively. The first component C1 with parameter θ1 takes an input
x and outputs a value z with probability pθ1 (z|x); and the second component
takes z as the input and outputs y ∈ ℜy with probability qθ2 (y|z). The overall
input-output relationship is then given by P(y|x) where
Z
Pφ (y|x) =
pθ1 (z|x)qθ2 (y|z)dz.

(5.30)

z∈ℜz

The (1, 1)th term of the Fisher information corresponding to semi non-intrusive
forensics, Is11 (x) can be written as
2

Z
1
∂
11
Pφ (y|x)
dy
Is (x) =
∂θ1
Pφ (y|x)
y∈ℜy
Z


2
Z
∂
1
=
pθ1 (z|x) qθ2 (y|z)dz
dy
∂θ1
Pφ (y|x)
y∈ℜy
z∈ℜz
( ∂
)
!2
Z
Z
p
p
p
(z|x)
1
θ
1
∂θ1
p
=
× qθ2 (y|z) × pθ1 (z|x)qθ2 (y|z)dz
dy
Pφ (y|x)
pθ1 (z|x)
y∈ℜy
z∈ℜz


( ∂
)2
Z
Z
p
(z|x)
∂θ1 θ1

p
≤
qθ2 (y|z)dz 
p
(z|x)
y∈ℜy
z∈ℜz
θ1
Z

1
×
pθ1 (z|x)qθ2 (y|z)dz
dy
Pφ (y|x)
z∈ℜz
)2
!
( ∂
Z
Z
p
(z|x)
θ
∂θ1 1
p
=
×
qθ2 (y|z)dy dz = Ii11 (x).
(5.31)
pθ1 (z|x)
z∈ℜz
y∈ℜy
Therefore, we have Is11 (x) ≤ Ii11 (x) for all x ∈ ℜx . Denoting the optimal inputs

for semi non-intrusive forensics and intrusive forensics by x̂semi
and x̂int
e
e , respec11
tively, we have Is11 (x̂semi
) ≤ Ii11 (x̂semi
) ≤ Ii11 (x̂int
e
e
e ) = maxx∈ℜx Ii (x). Similarly, it
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can be shown for all x ∈ ℜx that
Is22 (x)

=
=
=

≤

=

2
1
∂
Pφ (y|x)
dy
∂θ2
Pφ (y|x)
y∈ℜy
Z


2
Z
∂
1
qθ2 (y|z) pθ1 (z|x)dz
dy
∂θ2
Pφ (y|x)
y∈ℜy
z∈ℜz
( ∂
)
!2
Z
Z
p
p
q
(y|z)
1
θ
2
∂θ2
p
× pθ1 (z|x) × pθ1 (z|x)qθ2 (y|z)dz
dy
Pφ (y|x)
qθ2 (y|z)
y∈ℜy
z∈ℜz


( ∂
)2
Z
Z
q (y|z)
∂θ2 θ2

p
pθ1 (z|x)dz 
qθ2 (y|z)
y∈ℜy
z∈ℜz
Z

1
dy
×
pθ1 (z|x)qθ2 (y|z)dz
Pφ (y|x)
z∈ℜz
( ∂
)2
Z
Z
Z
q (y|z)
∂θ1 θ2
p
pθ1 (z|x)dz
dy =
pθ1 (z|x)Ii22 (z)dz
qθ2 (y|z)
z∈ℜz
y∈ℜy
z∈ℜz
Z



= E(Ii22 (z)|x) ≤ max Ii22 (z) = Ii22 (x̂int
e ).
z∈ℜz

Therefore, we have specifically for x = x̂semi
that Is22 (x̂semi
) ≤ Ii22 (x̂int
e
e
e ).
This result suggests that the diagonal elements of the Fisher information matrix satisfy diag(Is (x̂semi
)) ≤ diag(Ii (x̂int
e
e )). Therefore, for an unbiased estimator, the component parameter estimation errors obtained using semi non-intrusive
forensics are greater than the average error obtained via intrusive analysis, or
diag{E(∆i (x))} ≤ diag{∆s }. This proves the theorem.
In the case of semi non-intrusive forensics the decision has to be made based on
the overall input-output response of the entire device. Therefore the final forensic
analysis is this case is dependent upon how different components in the device
interact with each other and to what extent the intrinsic fingerprint traces of
one component are lost/modified when they pass through the other components
in the information processing chain. This reduces the overall accuracies of semi
non-intrusive forensics. On the other hand, in the case of intrusive analysis, the
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(5.32)

forensic analyst can break open the device and examine each and every component
individually independent of the other components in the information processing
chain. In the following theorem, we mathematically derive the conditions under
which semi non-intrusive analysis can provide the same accuracies as intrusive
analysis.
Theorem 5.4 For an unbiased estimator, the component parameter estimation
errors obtained via intrusive analysis is equal to the average estimation errors
obtained using semi non-intrusive studies only if the mutual Fisher information
between any two components in the system is equal to zero.
Proof : To prove this theorem, we take a closer look at the estimation errors to
examine the conditions under which semi non-intrusive analysis gives the same
accuracies compared to intrusive analysis. For an unbiased estimator, the average
estimation errors obtained from intrusive analysis for a two component device with
parameter set φ are given by




11
12
11
0
 δi (x) δi (x) 
 1/Ii (x, θ1 )

−1
∆i (x) = 
 = Ii (x, φ) = 
 , (5.33)
δi21 (x) δi22 (x)
0
1/Ii22 (x, θ2 )




22
21
11
12
1
 Is (x, φ) −Is (x, φ) 
 δs (x) δs (x) 
−1
∆s (x) = 

,
 = Is (x, φ) =
|I
(x,
φ)|
12
11
21
22
s
−Is (x, φ) Is (x, φ)
δs (x) δs (x)


Is12 (x,φ)
1
−
(x,φ))2
|Is (x,φ)|
 Is11 (x,θ1 )− (IIs12

22
,
s (x,θ2 )
= 
(5.34)


Is12 (x,φ)
1
− |Is (x,φ)|
12 (x,φ))2
(Is
22
Is (x,φ)−

11 (x,φ)
Is

where the last equation follows from the fact that Is12 (x, φ) = Is21 (x, φ). Moreover,
as the magnitude of Is12 (x, φ) increases, the estimation error increases. Comparing
the two equations, we notice that the equality is attained only when the following
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conditions are satisfied
Is11 (x, φ) = Ii11 (x, θ1 ),
Is22 (x, φ) = Ii22 (x, θ2 ),

(5.35)
and

Is12 (x, φ) = 0.

(5.36)
(5.37)

It is to be noted that the Is12 (x, φ) term represents the interactions between the
two components and higher its absolute value, the greater the interaction. A small
absolute value of Is12 (x, φ) suggests that the components are independent and its
parameters can be estimated separately. Further, from the inequalities in (5.31),
we notice that the condition Is11 (x) = Ii11 (x) is satisfied only when

 ∂
p (z|x) p
∂θ1 θ1
√
qθ2 (y|z)
pθ1 (z|x)
p
∀z,
= constant
pθ1 (z|x)qθ2 (y|z)
∂
p (z|x)
∂θ1 θ1
or ∀z,
= constant(say c1 ),
pθ1 (z|x)

(5.38)

and the inequalities in (5.32) becomes an equality only when
∀z,

∂
q (y|z)
∂θ2 θ2

qθ2 (y|z)

= constant(say c2 ).

(5.39)

Expanding on Is12 (x, φ), we have
Is12 (x, φ)

 

∂
1
∂
=
Pφ (y|x) ×
Pφ (y|x)
dy
∂θ1
∂θ2
Pφ (y|x)
y∈ℜy
Z



Z
∂
=
pθ (z|x) qθ2 (y|z)dz
∂θ1 1
y∈ℜy
z∈ℜz
Z



∂
1
×
qθ2 (y|z) pθ1 (z|x)dz
dy.(5.40)
∂θ2
Pφ (y|x)
z∈ℜz
Z



Substituting for (5.38) and (5.39), we have
Is12 (x, φ)

=

Z

y∈ℜy

c1 c2 Pφ (y|x)dy = c1 c2
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(5.41)

Therefore, ∆i (x) = ∆s (x) would be satisfied only when c1 c2 = 0 or either of c1 or
c2 is zero. This suggests that either pθ1 (z|x) is independent of the parameter θ1 or
qθ2 (y|z) is independent of θ2 or mathematically
∂
∂
pθ1 (z|x) = 0, or
qθ (y|z) = 0.
∂θ1
∂θ2 2

(5.42)

The above equations will be satisfied only when Isij (x, φ) = 0. This completes the
proof of the theorem.
This theorem leads to the following definition:
Definition 5.5 Two components of the device are said to be forensically independent if its component parameters can be estimated separately and the errors in
estimating the parameters of one component does not affect the estimation of the
other components’ parameters.
As can be seen from the previous theorem, two components would be forensically independent if and only if Isij (x, φ) = 0. For a device with more than two
components, this condition reduces to Isij (x, φ) = 0 and ∀k

Isik (x, φ) = 0 or

Iskj (x, φ) = 0.
Corollary 5.2 Intrusive analysis, semi non-intrusive forensic analysis, and completely non-intrusive forensic analysis provide the same accuracies in parameter
estimation only when all the components in the device are forensically independent
of each other. i.e., Isij (x, φ) = 0 for all i and j such that i 6= j and 1 ≤ i, j ≤ Nc .
Proof : The proof of this corollary follows from the proofs of Theorem 5.2 and
Theorem 5.4.
Next, we consider an example of forensically independent components and to
illustrate how this theoretical analysis can be employed to compute optimal inputs,

120

and later in Chapter 6, we employ these principles to design optimal inputs for
semi non-intrusive forensics of digital cameras to identify color interpolation and
white balancing components.
Example : Consider a system with the input-output response given by

 

 

 y1   a11 a12   x1   n1 
y=
=

+
,
y2
a21 a22
x2
n2

(5.43)

where x = [x1 x2 ]T is the input to the system, y = [y1 y2 ]T denotes the output from

the system, n = [n1 n2 ]T represents additive Gaussian noise with E(n21 ) = E(n22 ) =
Σn and E(n1 n2 ) = 0, and φ = [a11 a12 a21 a22 ]T are the component parameters.
The goal of the forensic analyst is to compute the values of the parameter φ.
In this example of a single component system, the Fisher information matrix
under semi non-intrusive forensics can be shown to be given by


2
x
x1 x2
0
0
 1



2

x
x
x
0
0
1
2
4 
2


Is (x, φ) =

.

Σn  0
2
0
x1 x1 x2 



2
0
0
x1 x2 x2

(5.44)

From the matrix, we observe the following:

• A higher value of x1 and x2 can provide higher accuracies in parameter
estimation. This is because a higher value would imply that the signal power
is much larger than the noise power giving a higher SNR.
• The estimation of the component parameters a11 and a12 are dependent on
each other because of the non-zero value of Is12 (x, φ) for non-zero inputs.
This observation can be intuitively explained by the fact that the estimation
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of both the component parameters a11 and a12 needs to be done based on
the same equation
y1 = a11 x1 + a12 x2 + n1 .

(5.45)

Additionally, we notice that Is12 (x, φ) = 0 only when x1 = 0 or x2 = 0 in
which case (5.45) reduces to either y1 = a11 x1 + n1 or y1 = a12 x2 + n1 . Under
these conditions, the component parameters a11 and a12 can be estimated
independent of each other from one of the two reduced equations.
• The estimation of the component parameters a11 and a21 (or a22 ) are independent of each other as can be seen from the Fisher information matrix
(Is13 (x, φ) = Is14 (x, φ) = 0). This is because a11 is solely estimated from
(5.45) and the equation y2 = a21 x1 + a22 x2 + n2 does not provide any information to aid in the estimation of a11 .
Based on these observations, we can conclude that there is no single optimal
input for semi non-intrusive forensics. The best strategy for the forensic analyst
would be to first give an input x with x1 = maxx∈ℜx x and x2 = 0 and observe
the output to estimate the values of the parameters a11 and a21 , and then give
the input x with x1 = 0 and x2 = maxx∈ℜx x to obtain a12 and a22 . In this way,
the analyst can design good inputs to improve the overall accuracy of parameter
estimation.

5.2

Theoretical Analysis via Pattern Classification Framework

In this section, we develop a theoretical framework for media forensics for components with a finite number of possibilities in the parameter space. The proposed

122

framework employs ideas from pattern classification theory to answer forensic questions about what components and processing operations are classifiable and what
are not. We define formal notions of identifiability of components under different
scenarios, and quantify the confidence in which the component parameters can be
computed in each case. The analysis presented in this section adds to the understanding of multimedia forensics and supplements the the theoretical analysis
based on estimation theory presented in the previous section. We that the confidence in identifying the component parameters depends on the nature of available
inputs and testing conditions, and that intrusive forensics gives higher confidence
than semi non-intrusive forensics and semi non-intrusive analysis is better than
completely non-intrusive scenario.

5.2.1

Background and Definitions

As in Section 5.1, we consider a system with Nc components {C1 , C2 , . . . , CNc } and
let ℜx and ℜy denote the set of all possible inputs and outputs respectively. Unlike
in the previous case where we assume that the parameter of the k th component
θk can take infinite number of possibilities, in this section, we develop a new
theoretical framework under the premise that the component parameter can take a
k
finite number of values from the algorithm space, i.e., θk ∈ Θk = {θ1k , θ2k , . . . , θN
},
a

where Nak is the total number of possible algorithms for the component Ck . Now,
we define formal notions of intrusively, semi non-intrusively, and completely nonintrusively classifiable components.
Definition 5.6 A component Ck is said to be intrusively classifiable or iclassifiable if for each possible algorithm θik used by the component, and for most
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inputs x ∈ ℜx ,
p(θik |y, x) ≥ p(θjk |y, x) ∀j ∈ {1, 2, . . . , Nak } and j 6= i,
and there exists at least one input x∗ ∈ ℜx and its corresponding output y ∗ for
which
p(θik |y ∗ , x∗ ) > p(θjk |y ∗, x∗ ) ∀j ∈ {1, 2, . . . , Nak } and j 6= i.
Here, x and y denote the corresponding input and output of the component, respectively, and are vectors of appropriate dimensions; and p denotes the probability
distribution function. The forensic analyst can then employ maximum a posteriori
estimation techniques [31] to identify the component parameters θ̂k as
θ̂k = arg

max

j=1,2,...,Nak

p(θjk |y, x).

In semi non-intrusive and completely non-intrusive forensics, analysts are not
allowed to break open the device or system. In the scenario of semi non-intrusive
forensics, the analysts have access to the system as a black box, and can design
appropriate inputs to the system and collect the corresponding output data in
order to analyze the processing techniques and compute the parameters of the individual components. To examine this scenario, we define φj = [θj11 , θj22 , . . . , θjNNcc ]
to represent the set of algorithms (and parameters) employed by the entire system. Assuming that the component parameters in the k th component can take Nak
Q c
k
possibilities, we have a total of Na = N
k=1 Na possible algorithm choices for the
system. The task for the forensic analyst is now reduced to finding which of these
Na algorithms is used by the system in question.
Definition 5.7 A system is said to be semi non-intrusively classifiable or sclassifiable if for each possible algorithm φi used by the component, and for most
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inputs x ∈ ℜx
p(φi |y, x) ≥ p(φj |y, x) ∀j ∈ {1, 2, . . . , Na } and j 6= i,

(5.46)

and there exists at least one input x∗ ∈ ℜx and its corresponding output y ∗ such
that
p(φi |y ∗, x∗ ) > p(φj |y ∗, x∗ ) ∀j ∈ {1, 2, . . . , Na } and j 6= i.

(5.47)

Here, x and y denote the inputs and its corresponding outputs, respectively, of the
overall system.
In addition to computing the parameters of the internal building blocks of the
components, it is also important to know the confidence level on the parameter
estimation result. A higher confidence value would increase the trustworthiness
of the decision made by the forensic analyst in applications involving infringement/licensing to determine potential technology breach [128, 130]; and also in
cases involving tampering detection.
Definition 5.8 For an s-classifiable system with parameter set φi , the confidence
(semi)

score ηi

(x, y) for correct classification under the input x and its corresponding

output y is defined by the difference between the likelihood of the correct decision
and the average of the corresponding likelihoods of the making a wrong decision.
Expressed mathematically,
(semi)
ηi
(x, y)

Na
X
1
p(φj |y, x),
= p(φi |y, x) −
Na − 1 j=1,j6=i

1
= p(φi |y, x) −
(1 − p(φi |y, x)),
Na − 1


Na
1
=
p(φi |y, x) −
.
Na − 1
Na
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(5.48)

(semi)

As can be seen from the equation, the confidence score ηi

(x, y) is propor-

tional to the difference between the probability of correct classification and (1/Na )
that corresponds to uniform likelihood. In our work, we define the confidence score
using (5.48) motivated by Definition 5.6 and 5.7. Several other definitions for the
confidence score in classification have been proposed in literature [104,128,130,139].
Later in Section 5.2.3, we examine other definitions of confidence score.
The equation (5.48) also suggests that the confidence score is a function of the
input x and can be improved by selecting proper inputs. To illustrate this aspect
of confidence score, we consider the following example.
Example : Consider an example of a component with parameters {ξ0 , ξ1 } whose
input-output relationship is given by:
y(n) = ξ0 x(n) + ξ1 x(n − 1).
Let x(1) = [. . . , 1, 1, 1, . . .] and x(2) = [. . . , 0, 1, 2, . . .] be two possible inputs to the
system. The corresponding outputs would be y (1) = [. . . , ξ0 + ξ1 , ξ0 + ξ1 , ξ0 + ξ1 , . . .]
and y (2) = [. . . , −ξ1 , ξ0 , 2ξ0 + ξ1 , . . .], respectively. We notice that y (1) is a constant
sequence with each of its elements being equal to (ξ0 + ξ1 ) and knowledge of the
sum would not provide any indicative of the parameters ξ0 or ξ1 . Therefore, x(1) is
not a good input for evaluating the value of the component. On the other hand,
observing the output y (2) of the system, one can formulate a system of linear
equations to compute the value of ξ0 and ξ1 ; thus, x(2) is a good input to obtain
the component parameter values.
More generally, let us define q(x, y) = [p(φ1 |y, x), p(φ2 |y, x), . . . , p(φNa |y, x)]
to facilitate discussions. If for an input, x′ , q(x′ , y ′) = [0, . . . , 1, 0, . . . , 0] with
1 at the ith location, the decision of choosing the ith class is made with a very
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(semi)

high confidence and ηi

(x′ , y ′) equal to 1. On the other hand, if q(x′′ , y ′′) =

[ 1−ε
, . . . , N1a + NNa −1
ε,
Na
a

. . . , 1−ε
] where ε is a small positive real number, there
Na

1−ε
,
Na

is an almost equal probability that the given data sample comes from any of the
Na classes. In this case, the decision is made with a very low confidence with
(semi)

ηi

(x′′ , y ′′) = ε ≈ 0. In this example, x′ and x′′ represent the best and the worst

possible inputs for identifying the component parameters. For other inputs, x, the
(semi)

value of ηi

(x, y) would lie in the interval [0, 1], with a higher value indicating

more confidence in the decision made.
This example illustrates that the confidence score in parameter estimation can
be improved by choice of inputs, and generalizing on this observation, we define
an optimal input as the one that maximizes the confidence score [130].
Definition 5.9 An optimal input, x̂i , for semi non-intrusive forensic analysis
of the system that employs the algorithm φi is defined as the one that maximizes
the confidence score, i.e.,
(semi)

x̂i = arg max ηi
x∈ℜx

(semi)

The corresponding confidence score, ηi

(x, y).

(5.49)

(semi)

(x̂i , ŷi), then represents the

= ηi

overall maximum confidence in semi non-intrusively classifying the parameters
of the system, where ŷi is the output of the system with input x̂i .
In the completely non-intrusive forensics scenario, the forensic analyst is provided only with some sample data produced by the device or system and does not
have access to nor other knowledge about its inputs. In this case, we can define:
Definition 5.10 A system is said to be completely non-intrusively classifiable
or n-classifiable if for each possible algorithm φi used by the component, and
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most possible outputs y ∈ ℜy ,
p(φi |y) ≥ p(φj |y) ∀j ∈ {1, 2, . . . , Na } and j 6= i,

(5.50)

and there exists at least one input x∗ ∈ ℜx , such that the corresponding output, y ∗,
satisfies
p(φi |y ∗ ) > p(φj |y ∗)

∀j ∈ {1, 2, . . . , Na } and j 6= i.

(5.51)

The confidence score for a system to be non-intrusively classifiable under the
output y when the actual algorithm employed is φi is given by
(non)
ηi
(y)

5.2.2

Na
=
Na − 1



1
p(φi |y, x) −
Na



.

(5.52)

Major Results

We now establish the following results.
Theorem 5.5 If a system is n-classifiable, then it is s-classifiable.
Proof : If a device is n-classifiable, then for each possible algorithm φi (1 ≤ i ≤ Na )
used by the component, there exists an input x ∈ ℜx to the overall system such
that its corresponding output y satisfies

Z

ℜx

p(φi |y) > p(φj |y) for j = 1, 2, . . . , Na , j 6= i,
(5.53)
Z
p(φi |y, x)p(x)dx >
p(φj |y, x)p(x)dx for j = 1, . . . , Na , j 6= i. (5.54)
ℜx

Since, all the terms on both sides of the equation are positive, there must be atleast
one x = x0 ∈ ℜx for which
p(φi |y, x0 )p(x0 ) > p(φj |y, x0)p(x0 ) for j = 1, 2, . . . , N, j 6= i.
Factoring out p(x0 ) completes the proof.
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(5.55)

Theorem 5.6 The confidence scores obtained using semi non-intrusive analysis
is greater than or equal to the ones obtained via completely non-intrusive analysis.
(non)

i.e., If a system is n-classifiable with a confidence score ηi
(semi)

y, then it is s-classifiable with a confidence score ηi

(y) under the output

(non)

≥ ηi

(y).

Proof : From the definition of the confidence score for semi non-intrusive forensics
for the input x, we have
(semi)
ηi
(x, y)



1
Na
=
p(φi |y, x) −
.
Na − 1
Na

(5.56)

Multiplying the equations with p(x) and integrating over ℜx , we obtain:
Z
(semi)
(semi)
E(ηi
(x, y)) =
ηi
(x, y)p(x)dx
x∈ℜx



Z
1
Na
p(φi |y, x) −
p(x)dx
=
Na − 1
Na
x∈ℜx


Na
1
(non)
=
p(φi |y) −
= ηi
(y).
Na − 1
Na
(semi)

Thus, we have ηi

(semi)

= maxx∈ℜx ηi

(semi)

(x, y) ≥ E(ηi

(non)

(x, y)) = ηi

(5.57)
(y); this

completes the proof of the theorem.
Theorem 5.5 and Theorem 5.6 suggest that if a component is non-intrusively
classifiable, then its parameters can also be identified semi non-intrusively, and
the average confidence values obtained using semi non-intrusive analysis is greater
than or equal to the ones obtained via completely non-intrusive analysis under
a given output. These results pertain to the scenario where the forensic analyst
has to make a decision based on ‘one’ output or ‘one’ input-output pair. If the
forensic analyst has access to ‘multiple’ outputs or ‘multiple’ input-output pairs,
he/she can then make a combined judgement based on studying all the available
data samples. In the following, we extend the proposed theoretical framework to
address such scenarios. We begin with the following lemma.
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Lemma 5.1 The overall confidence in estimating the component parameter(s)
given Nd inputs (and corresponding outputs) is lower than the value obtained for
the best input/output pair.
Proof : Suppose {y1, y2 , . . . , yNd } denote the Nd output data samples available to
the forensic analyst, and let {x1 , x2 , . . . , xNd } be the corresponding inputs. Then,
for a given algorithm φi , the confidence in parameter estimation is given by
(semi)
ηi
(x1 , x2 , . . . , xNd , y1 , . . . , yNd )



1
Na
=
p(φi |x1 , y1, x2 , y2 , . . . , xNd , yNd ) −
.
Na − 1
Na
(5.58)

Expanding the equation using the independence property, we get
(semi)
ηi
(x1 , x2 , . . . , xNd , y1, . . . , yNd )

Na
=
Na − 1

Nd
Y

1
p(φi |xm , ym ) −
Na
m=1

!

.

(5.59)

Now, let m̂ = arg maxm=1,2,...,Nd p(φi |xm , ym ) so that p(φi |xm̂ , ym̂ ) ≥ p(φi |xm , ym )
for all m ∈ {1, 2, . . . , Nd }. Equation (5.59) can therefore be re-written in terms of
p(φi |xm̂ , ym̂ ) to give
(semi)
ηi
(x1 , x2 , . . . , xNd , y1, . . . , yNd )



1
Na
Nd
p(φi |xm̂ , ym̂ ) −
≤
Na − 1
Na
(semi)

≤ ηi
(semi)

Thus, we have ηi

(xm̂ , ym̂).

(5.60)

(semi)

(x1 , x2 , . . . , xNd , y1 , . . . , yNd ) ≤ maxm=1,2,...,Nd ηi

(xm , ym ).

This completes the proof.
Lemma 5.1 suggests that the highest confidence in parameter estimation is
determined by the best input – one among the Nd inputs that gives the maximum confidence score. The remaining inputs would reduce the confidence score
and confuse the forensic analyst into possibly making a wrong decision. This result is useful to study the scenario of completely non-intrusive forensics. In this
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case, the forensic analyst does not have access to the device at hand and collects the forensic evidence based on the observed output data available to him.
More specifically, if the analyst has access to Nd such outputs, the overall confidence in his decision can be shown from Theorem 5.6 to be upper bounded by
(semi)

ηi

(x1 , x2 , . . . , xNd , y1 , . . . , yNd ), i.e.,
(non)

ηi

(semi)

≤ ηi

(x1 , x2 , . . . , xNd , y1, . . . , yNd ).

(5.61)

Additionally, the result from Lemma 5.1 gives
(semi)

ηi

(x1 , x2 , . . . , xNd , y1 , . . . , yNd ) ≤

max

m=1,2,...,n

(semi)

ηi

(semi)

(xm , ym ) ≤ ηi

(semi)

(x̂, ŷ) = ηi

(5.62)
where x̂ denotes the optimal input for semi non-intrusive forensics of D. Combining
(non)

(5.61) and (5.62), we obtain ηi

(semi)

≤ ηi

. This result leads to the following

theorem:
Theorem 5.7 The confidence scores obtained using semi non-intrusive analysis
under the optimal input is greater than or equal to the ones obtained via completely
non-intrusive analysis even when completely non-intrusive forensics is performed
with infinite amount of data.
Proof : The proof follows from (5.61) and (5.62).
This result is intuitively expected from the fact that semi non-intrusive forensics provides more control to the forensic analyst who can design better inputs
to improve the overall performance. Next, we examine the scenario when semi
non-intrusive forensics and completely non-intrusive forensics provides the same
confidence.
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.

Theorem 5.8 The confidence scores for component parameter estimation via semi
non-intrusive forensics is equal to the confidence scores for completely non-intrusive
forensics when the knowledge of the component parameters do not help in the guessing the input x given the output y. In this scenario, semi non-intrusive forensics
and completely non-intrusive analysis provides the same accuracies.
Proof : From the definitions of confidence scores for semi and completely non(non)

intrusive forensics in (5.48) and (5.52), we can show that ηi

(semi)

= ηi

when

p(φi |y) = p(φi |y, x), ∀i. It can be shown that this condition is equivalent to
p(x|y, φi) = p(y, x)/p(x) or p(x|y, φi) is independent of the component parameters φi for all 1 ≤ i ≤ Na . This result also suggests that the knowledge of the
component parameters do not help in the guessing the input x given the output y;
thus, completing the proof of the theorem.
It is to be noted that Theorem 5.8 provides the same conditions for equality of
semi and completely non-intrusive forensics as Theorem 5.2 discussed in Section
5.1 and proved via estimation theory. While the theoretical results obtained via
estimation and pattern classification theories are based on different assumptions,
applicable for different scenarios, and are derived using different mathematical
premises, they provide the same fundamental results. This suggests that these
theories are merely two different approaches to look at the same problem.
In the remainder of this subsection, we examine the relations between semi
non-intrusive forensics and intrusive forensics.
Theorem 5.9 If a device is s-classifiable, then each of its components are iclassifiable.
Proof : This theorem is straightforward if the device has only one component. In
this case, the definitions of s-identifiability and i-identifiability coincide.
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Now, let us consider a multi-component device. Let xk represent the individual
inputs for the k th component Ck (and outputs of the (k − 1)th component), with
x1 = x. Since the device is s-classifiable, there exists at least one input x ∈ ℜx to
the overall system such that its corresponding output y satisfies
p(φi |y, x) > p(φj |y, x) for j = 1, 2, . . . , N, j 6= i,

(5.63)

for each possible algorithm φi (1 ≤ i ≤ Na ) used by the component. Writing φi as
φi = [θi11 , θi22 , . . . , θiNNcc ] and expanding p(φi |y, x), we have
p(φi |y, x) = p(θi11 , θi22 , . . . , θiNNcc |y, x) =
=

Nc
Y

m=1

p(θimm |xm+1 , xm )

!

Nc
Y

m=1
N
c
Y

m=1

p(θimm |y, x),

p(xm+1 |xm , y)p(xm |y, x). (5.64)

For (5.63) to hold for all j 6= i, each of the individual terms in the right hand side
of the (5.64) need to satisfy ∀m ∈ {1, 2, . . . , Nc }
p(θimm |xm+1 , xm ) > p(θjmm |xm+1 , xm ) for all im 6= jm and 1 ≤ im , jm ≤ Nam , (5.65)
otherwise, we can construct another hypothesis φl by replacing the component
parameter setting for some of the components. This contradicts (5.63) as there
exists atleast one j = l for which p(φi |y, x) ≤ p(φj |y, x). Equation (5.65) also shows
the existence of alteast one input input x = xj to the j th component for which the
component would be i-classifiable. This completes the proof of the theorem.
In general, the converse of Theorem 5.9 is not true. To examine the conditions
under which an i-classifiable component is s-classifiable, we introduce the notion
of an ǫ-consistent component.
Definition 5.11 A component is said to be ǫ-consistent if the following two conditions are satisfied:
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1. for most outputs y1 and y2 with dY (y1 , y2 ) ≤ ǫ, the estimates of the corresponding inputs x1 and x2 satisfy dX (x1 , x2 ) ≤ ǫ, where dX and dY are
appropriately chosen distance metrics in the input and the output space, respectively,
2. for most inputs x1 and x2 with dX (x1 , x2 ) ≤ ǫ, the estimates of the corresponding outputs y1 and y2 satisfy dY (y1 , y2 ) ≤ ǫ.
We now have the following theorem that relates the confidence in intrusively classifying a component and the confidence values obtained for semi non-intrusively
classifying the same component.
Theorem 5.10 If all the components in a system are ǫ-consistent and the k th
k(int)

component with parameter θik is i-classifiable with a confidence score ηi
k(semi)

the k th component is s-classifiable with confidence score ηi

, then

approximately

given by
k(int)

k(semi)
ηi

≈

k(int)
ηi

∂ηi

− 2(Nc − 1)ǫ

(x, y)
∂x

k(int)

Proof : In the ideal case, highest confidence ηi

.

(5.66)

x=x̂ki ,y=ŷik

is attained when the input

to the k th component is the optimal input denoted as x̂ki (with its corresponding
output ŷik ). However, since the (k − 1) prior to Ck are ǫ-consistent, it would not be
possible to exactly attain x̂ki , but only (k − 1) × (2ǫ) close to it. This would lead to
k(int)

a confidence drop of (k − 1) × (2ǫ)

∂ηi

(x,y)

∂x

. Since, the forensic analyst
x=x̂ki ,y=ŷik

can only observe the final output y, he/she would incur an additional error of from
k(int)

the remaining (Nc − k) components equal to (Nc − k) × (2ǫ)

∂ηi

∂x

(x,y)

.
x=x̂ki ,y=ŷik

Thus, the total error incurred from first-order approximation,!ignoring the higherk(int)

order terms, would be

(Nc − 1) × (2ǫ)

∂ηi

the desired result.
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∂x

(x,y)

, which establishes

x=x̂ki ,y=ŷik

Theorem 5.10 gives the conditions under which the knowledge about the intrusive forensics can be extended to semi non-intrusive forensics. The theorem also
k(int)

suggests that ηi

k(semi)

≥ ηi

, and therefore the confidence score for parameter

identification from semi non-intrusive forensics is lower than (or at most equal to)
the ones that can be attained from intrusive forensics. This result is expected
because intrusive forensic methodology gives more control than semi non-intrusive
forensics, as the forensic analyst can break the device or system open to examine
each of its individual components in greater detail. On the other hand, in the case
of semi non-intrusive forensic analysis, the analyst would need to come up with
good inputs to be given to the overall system and study the interactions between
various system components based on the overall input/output response. Next, we
examine the conditions when semi non-intrusive forensics and intrusive forensics
provide the same accuracies.
Corollary 5.3 The confidence scores for component parameter estimation via semi
non-intrusive forensics is equal to the confidence scores for intrusive forensics when
the knowledge of the component parameters do not help in the guessing the input
x given the output y.
Proof : From (5.66), we notice that equality among the confidence scores for semi
non-intrusive forensics and intrusive forensics is obtained only when all the components in the system are 0−consistent. A component is said to be 0−consistent,
by definition, when its input can be uniquely determined given its output, and
viceversa. Further, for a 0−consistent component, the knowledge of the component parameters do not help in the guessing the input x given the output y. This
completes the proof.
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Corollary 5.4 Intrusive analysis, semi non-intrusive forensic analysis, and completely non-intrusive forensic analysis provide the same confidence scores in parameter classification only when all the components in the device are 0−consistent.
Proof : The proof of this corollary follows from the proofs of Theorem 5.8 and
Corollary 5.3.
Comparing Corollary 5.2 and Corollary 5.4, we observe that the concept of
forensic independence is equivalent to 0−consistency. Further, it can be shown
that if all the components of the device are forensically independent of each other,
then all the components of the device are also 0−consistent, and viceversa. This
indicates the parallels between estimation and pattern classification theories.
Next, we re-consider the example discussed in Section 5.1.3 to illustrate pattern
classification framework to forensically classify component parameters.
Example : Consider a system with the input-output response given by

 

 

 y1   a11 a12   x1   n1 
y=
=

+
,
y2
a21 a22
x2
n2

(5.67)

where x = [x1 x2 ]T is the input to the system, y = [y1 y2 ]T denotes the output from

the system, n = [n1 n2 ]T represents additive Gaussian noise with E(n21 ) = E(n22 ) =
Σn and E(n1 n2 ) = 0, and φ = [a11 a12 a21 a22 ]T are the component parameters.
The goal of the forensic analyst is to compute the values of the parameter φ.
Contrary to the example in Section 5.1.3 where we assume that φ can take
infinite possible values in the parameter space, in this example, we restrict the φ
to take one of the two values in the parameter space Φ, i.e., φ ∈ Φ = {φ1 , φ2 }.
The parameter sets φ1 and φ2 are assumed to be of the form φ1 = [α1 0 0 α2 ]T and
φ2 = [0 β1 β2 0]T , where the values of the parameters α1 , α2 , β1 , and β2 are known
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apriori. For our analysis, we assume that there is no apriori knowledge about the
likelihood of choosing either φ1 or φ2 so that p(φ1 ) = p(φ2 ) = 0.5; and let φ1 be the
actual parameter set employed in the component without any loss in generality.
• s-classifiability:

We first show that the component is semi non-intrusively

classifiable. A component is s-classifiable, by definition, if for most inputs x and
corresponding outputs y,
p(φ1 |y, x) ≥ p(φ2 |y, x).

(5.68)

Imposing the assumption that noise follows a Gaussian distribution, the requirement for s-classifiability in inequality (5.68) reduces to
(2β1 x2 − 2α1 x1 )y1 + (2β2 x1 − 2α2 x2 )y2 ≤ (β12 − α12 )x21 + (β22 − α22 )x22 .

(5.69)

This inequality indicates that the component is s-classifiable under the input x =
[x1 x2 ]T with the actual parameter φ1 if the output y = [y1 y2 ]T lies on the correct
side of the straight line given by (5.69). Considering a specific case, if α1 = α2 =
β1 = β2 = 1, the inequality in (5.69) reduces to (y2 − y1 )(x2 − x1 ) ≥ 0; suggesting
that for an input x2 > x1 , the component is s-classifiable under the hypothesis
φ = φ1 , if the corresponding output satisfies y2 > y1 . Now, we quantify the
probability of y2 > y1 under the hypothesis φ = φ1 . It can be shown that
Pr(y2 > y1 |φ1 ) = Pr(n2 − n1 > x1 − x2 |φ1 )



1
x2 − x1
=
1 + erf
.
2
2Σn

(5.70)

where ‘erf’ is the error function. When x2 > x1 , the ‘erf’ term is approximately
equal to ‘1’ giving Pr(y2 > y1 |φ1 , x2 > x1 ) ≈ 1. Thus, for most inputs satisfying
x2 > x1 , the probability of deciding φ = φ1 is close to ‘1’. Similarly, we can show
that for inputs satisfying x2 < x1 , Pr(y2 < y1 |φ1, x2 < x1 ) ≈ 1; thus, establishing
the s-classifiablility of the component for all range of inputs.
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• Confidence score and optimal inputs for semi non-intrusive forensics:
The confidence score attained via semi non-intrusive forensic analysis is given by
(5.48) and can be reduced to
η (semi) (x, y) = 2p(φ1 |y, x) − 1,
p(φ1 )p(y|φ1 , x) − p(φ2 )p(y|φ2, x)
=
.
p(φ1 )p(y|φ1 , x) + p(φ2 )p(y|φ2 , x)

(5.71)

As can be seen from the equation, the confidence score is a function of the input
and can be improved by appropriate choice of the input. Under the condition that
p(φ1 ) = p(φ2 ) = 0.5, we get




(y1 −α1 x1 )2 +(y2 −α2 x2 )2
(y1 −β1 x2 )2 +(y2 −β2 x1 )2
− exp −
exp −
2Σn
2Σn



.
η (semi) (x1 , x2 , y1, y2 ) =
(y1 −α1 x1 )2 +(y2 −α2 x2 )2
(y1 −β1 x2 )2 +(y2 −β2 x1 )2
exp −
− exp −
2Σn
2Σn
=

1 − exp(A(x1 , x2 , y1 , y2 ))
.
1 + exp(A(x1 , x2 , y1, y2 ))

where
A(x1 , x2 , y1 , y2) =

(y1 − α1 x1 )2 + (y2 − α2 x2 )2 − (y1 − β1 x2 )2 − (y2 − β2 x1 )2
.
2Σn
(5.72)

Optimal inputs can be computed by maximizing A(x1 , x2 , y1 , y2) with respect to
x1 and x2 . For the specific case of α1 = α2 = β1 = β2 = 1, the equation reduces to
A(x1 , x2 , y1 , y2 ) =

(x2 − x1 )(y2 − y1 )
.
2Σn

(5.73)

Therefore, the best input for semi non-intrusive forensics of this component is the
one that maximizes |x2 − x1 |, i.e., choose x1 = minx∈ℜx x and x2 = maxx∈ℜx x or
viceversa.
• n-classifiability: In this part, we assume that the input x follows a Gaussian
distribution with mean µx = [µ1 µ2 ]T and E(x21 ) = E(x22 ) = Σx with E(x1 x2 ) = 0.
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Under this scenario, we have
p(φ1 |y)
= exp(B(y)).
p(φ2 |y)

(5.74)

where
(y2 − β2 µ2 )2
(y1 − α1 µ1 )2
(y2 − α2 µ2 )2
(y1 − β1 µ1 )2
B(y) = B(y1 , y2) = 2
+
−
−
(β1 Σx + Σn ) (β22 Σx + Σn ) (α12 Σx + Σn ) (α22 Σx + Σn )
(5.75)
If α1 = α2 = β1 = β2 = 1, then B(y) = 0 and p(φ1 |y) = p(φ2 |y). The component is
not non-intrusively classifiable under this scenario as there exists no input x∗ for
which the corresponding output y ∗ satisfies p(φ1 |y ∗ ) > p(φ2 |y ∗ ).

5.2.3

A Note on the Definition of Confidence Score

We define the confidence score for parameter estimation according to (5.48) as the
difference between the probability of correct classification and the average of the
corresponding likelihoods of the making a wrong decision as
(1)

ηi (x, y) = p(φi|y, x) −

1
Na − 1

X

j=1,2,...,Na ,j6=i

p(φj |y, x).

(5.76)

Several other definitions for the confidence score in classification have been proposed in literature and have been employed in practice to judge the confidence in
classification. In [139], Wan defined confidence score as the Kullback-Leibler distance between the estimated probability density function and uniform distribution
as
(2)

ηi (x, y) = D(p(φi|y, x)||U),

(5.77)

where U represents uniform distribution. The equation can therefore be reduced
to
(2)
ηi (x, y)

=

Na
X
i=1

p(φi|y, x) log(Na p(φi|y, x)).
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(5.78)

In the Chapter 3, we developed a confidence score based on the symmetric
Kullback-Leibler divergence as [128]
(3)

ηi (x, y) = D(p(φi |y, x)||U) + D(U||p(φi|y, x)),

Na 
X
1
=
p(φi |y, x) −
log(Na p(φi |y, x)),
Na
i=1

(5.79)

and in [130], we defined a confidence metric as the difference between the probability of correct classification and the maximum of the corresponding likelihoods
of the making a wrong decision:
(4)

ηi (x, y) = p(φi |y, x) −

max

j=1,2,...,Na ,j6=i

p(φj |y, x).

(1)

(5.80)

(4)

Although the definitions of confidence score in ηi (x, y) to ηi (x, y) are different, they provide different approaches to evaluate the goodness in decision making
and can provide different insights into the classification result. However, many of
the theorems, corollaries, and lemmas derived and proved proved in Section 5.2.2
are fundamental and hold true invariant of the choice of the confidence score metric
as shown in the following example.
Example : In this example, we show that the result in Theorem 5.7 holds true
even a different choice of confidence measure. Specifically, we consider the case
(2)

ηi (x, y) = ηi (x, y). The confidence score for semi non-intrusive forensics and
completely non-intrusive forensics for this case are given by
ηisemi (x, y)

= log(Na ) +

Na
X
i=1

ηinon (y) = log(Na ) +

Na
X
i=1

p(φi |y, x) log(p(φi|y, x)).

(5.81)

p(φi |y) log(p(φi|y)).

(5.82)

To show that ηisemi (x, y) ≥ ηinon (y), we start with the identity: E(p(φi |y, x)) =
p(φi |y). This identity implies that there exists at least one input x0 ∈ ℜx for

140

which p(φi |y, x0 ) ≥ p(φi |y), and therefore for this input ηinon (y) ≤ ηisemi (x0 , y) ≤
ηisemi (x̂, ŷ) = ηisemi . Here, x̂ is the optimal input to the component with ŷ denoting
its corresponding output.

5.3

Chapter Summary

In this chapter, we develop two new theoretical frameworks for analyzing information forensics to analyze component forensics depending on the nature of the
component. In the first scenario, we assume that the parameter values of a component can take infinite number of possibilities. Under this scenario, we introduce
a framework based on estimation theory, Fisher information, and the Cramer-Rao
lower bound. We define formal notions of identifiability of components under intrusive, semi non-intrusive, and completely non-intrusive forensic analysis cases
and quantify the accuracies at which the component parameters can be estimated
in each case using Fisher information as a criterion.
In the second scenario, we assume that the forensic analyst has some apriori
knowledge about the component and has information about the possible superset
of parameter values employed in the component. For this scenario, we employ ideas
from pattern classification theory to answer forensic questions about what components and processing operations are classifiable and what are not; and quantify
the confidence in which the component parameters can be classified.
Building on the proposed theoretical analysis frameworks, we establish a number of fundamental results. Our theoretical analysis suggests that intrusive forensics gives superior estimation accuracies and classification confidence over semi
non-intrusive forensics, and this is better than completely non-intrusive scenario.
We demonstrate that the accuracy in estimating the component parameter and
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the confidence in classifying the component algorithms depend on the nature of
available inputs and testing conditions, and can be improved by better choice of
inputs. We then apply the theoretical framework in case studies to design optimal
inputs for semi non-intrusive forensics; and show that the confidence in parameter
identification can be improved via such an approach. The proposed theoretical
model can also be extended to study post-device processing operations such as
tampering, and to provide a theoretical foundation for media forensics to answer a
number of forensic questions related to who has done what to the content, when,
and how.
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Chapter 6
Case Studies and Applications of
Theoretical Forensics Framework
In this chapter, we present case studies and applications of the proposed theoretical
analysis frameworks presented in Chapter 5. Specifically, we focus on the problem
of semi non-intrusive forensics. We briefly describe the imaging model in digital
cameras and define the notations used in Section 6.1. In Section 6.2, we show that
the parameters of such important components as color interpolation and white
balancing can be better estimated via semi non-intrusive forensics compared to
completely non-intrusive forensics. Based on a detailed modeling of the imaging
process and knowledge of the possible algorithms employed in such components
as color interpolation and white balancing, in Section 6.3, we design a heuristic
input for semi non-intrusive forensics of digital camera components and show that
the designed pattern can provide better accuracies. The pattern is then optimized
in Section 6.4 using metrics from theoretical analysis and simulation results are
presented to demonstrate the goodness of the pattern. The chapter is summarized
in Section 6.5.
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To our best knowledge, this is the first work to address the problem of semi
non-intrusive component forensics. Related work fall into two basic categories. In
the forensics literature, there have been work that aim to find the parameters of
post-camera processing operations [84,110] such as JPEG compression, resampling,
and brightness change; and to non-intrusively estimate the parameters of camera
components such as lens distortions, color filter array [123], and color interpolation
[112,123]. However, the accuracy of these non-intrusive techniques is limited by the
nature of the available data. A second group of prior art concerns television and
camera manufacturing technologies. Among these work, there have been studies
that focus on designing test patterns to tune the parameter settings of television
sets by analyzing its response to specific inputs [89]. However, these work are not
intended for estimating the parameters of internal device components.

6.1

Signal Processing Model of Camera Components

In this section, we develop a signal processing model of camera components. Figure 2.1 shows the image acquisition model in digital cameras. Let x be the input
to the camera’s color interpolation module. For our work, we divide the image
into different types of regions based on the local gradient directions, and approximate color interpolation in each region to be linear.1 The output y1 after color
interpolation can be written as
X
y1 (m, n, c) =
α(k, l, c)x(m − k, n − l, c) + n1 (m, n, c),

(6.1)

k,l

1

In Chapter 3, we show that this linear approximation is good for estimating the color inter-

polation coefficients.
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for each texture region. Here, α denotes the color interpolation coefficients and the
summations over variables k and l are done in the regions where the filter α(k, l, c)
has support. The noise term n1 (m, n, c) is used to simulate the model fitting error,
and in our analysis, we assume that n1 follows a Gaussian distribution.
After color interpolation, the interpolated image y1 undergoes white balancing
to give y2 . White balancing and color correction are typically done in the camera as
part of the post-processing block to remove unrealistic color casts from the image.
White balancing is typically multiplicative in nature, where the output is obtained
by scaling the input by the chosen scaling factor. In manual white balancing, the
user chooses the appropriate multiplication constants for each color channel so
that a white colored object looks white after compensation. On the other hand,
auto white balancing algorithms compute the multiplication factors based on the
estimated illuminance of the scene [7] and use these estimates for scaling the input.
White balancing operations can be mathematically represented as
y2 (m, n, c) =

3
X

β(c, j)y1(m, n, j), for c = 1, 2, 3.

(6.2)

j=1

where β are the white balancing coefficients.
Finally, the image may be JPEG compressed to reduce storage space. Compression can be modeled as quantization in the DCT domain, and can be represented
as additive noise in the pixel domain. Denoting this compression noise as n2 , the
final image is given by
y(m, n, c) = y2 (m, n, i) + n2 (m, n, c).

(6.3)

Combining (6.1), (6.2), and (6.3), we obtain the input-output response of the
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digital camera
y(m, n, c) =

3 X
X

α(k, l, c)β(i, j)x(m−k, n−l, c)+

j=1 k,l

3
X

β(i, j)n1 (m, n, c)+n2 (m, n, c).

j=1

(6.4)

The goal of the forensic analyst is now to estimate the device parameters α(., ., .)
and β(., .).

6.2

Theoretical Analysis of Digital Camera Components

In this section, we employ the theoretical frameworks presented in Chapter 5 to
analyze the parameters of such camera components as color interpolation, white
balancing, and JPEG compression. We analyze these components from both estimation and pattern classification perspectives and determine the accuracies in
computing the component parameters.

6.2.1

Color Interpolation

Color interpolation is an important processing stage in digital cameras. Most cameras of different brands/models employ a different algorithm for color interpolation
and therefore estimating the interpolation parameters provides very useful information to build a robust camera identifier as shown in Chapter 3 and [128]. In
this subsection, we examine the conditions under which the color interpolation
component parameters are identifiable.
Typically, the data recorded by the CFA are interpolated using its neighboring pixel values to form the interpolated image as represented by equation (6.1).
Obtaining the component parameters α in a general case involves solving a blind
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deconvolution problem. However, additional information about the sampling pattern could be used to simplify the problem as the knowledge of the CFA gives
the locations of the set of pixels that are interpolated and those that are directly obtained from the CCD sensor. With this information and with the assumption that the color interpolation coefficients, α, has support in the range
[−⌊ N2α ⌋, ⌊ N2α ⌋] × [−⌊ N2α ⌋, ⌊ N2α ⌋] × [1, 3], (6.1) can be equivalently re-written for the
‘red’ color under no-noise case as
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x(1, 1, 1) 

x(1, 2, 1) 



x(1, 3, 1) 
 , (6.5)

x(1, 4, 1) 


..

.


x(W, H, 1)

where W and H denote the width and the height of the image. In constructing

these equations, we assume that the camera employs Bayer CFA [13] to sample
the real-world scene and similar equations can be obtained for other CFA.
In the absence of post-interpolation processing, such as white balancing and
JPEG compression, there would be no additive noise and y = y1 . Further, under
these conditions, the values of the camera output image at locations corresponding
to {y1 (1, 1, 1), y1(1, 3, 1), y1(1, 5, 1), . . .} are obtained directly from the ‘red’ color
component of camera input, and the values at the remaining intermediate pixel
locations corresponding to {y1 (1, 2, 1), y(1, 4, 1), y1(1, 6, 1), . . .} are obtained interpolated. Therefore, with the knowledge of the color filter array, the output y1 = y
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gives complete information about the input and
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(6.6)

This final set of equations in (6.6) are dependent only on the camera outputs and
can be solved by least squares method to estimate the component parameters.
Therefore, in the absence of noise and post-interpolation processing, the average
error in estimating the cameras’ color interpolation parameters with an input x
via semi non-intrusive forensics is equal to the average estimation error obtained
via completely non-intrusive forensics with the knowledge of just the component
output y1 , i.e., ∆s (x) = ∆n .
Equation (6.6) also suggests that the component is n-classifiable, s-classifiable,
and i-classifiable in the absence of noise and post-interpolation processing. Color
interpolation component is therefore a particular example of a component for which
n-classifiability implies s-classifiability which is not true in a general case. This
property of color interpolation can be attributed to the fact that the component is
0−consistent, and the knowledge of the output y gives full information about the
input x, and p(y|φi) = p(y|φi, x), where φi are the component parameters.
In the presence of noise and post-interpolation processing, the component would
no longer be 0−consistent and semi non-intrusive analysis would provide better
accuracies than completely non-intrusive analysis. In the subsequent sections, we
design a heuristic input and optimize it to increase the estimation accuracy and
classification confidence in computing the color interpolation parameters.
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6.2.2

White Balancing

In this part, we theoretically analyze the white balancing component under the
presence and absence of additive noise. We begin with the ‘no-noise’ case.
• No Noise case: The input-output relationship for the white-balancing operation
under no noise is given by (6.2) and can be expressed in the matrix form as
y = y2 = θy1 ,

(6.7)

where θ is the white balancing parameter, and y1 and y represent the input and
the output of the white balancing component, respectively.
In the noiseless case case, the component is i-classifiable and s-classifiable because the forensic analyst can accurately estimate θ given one instantiation of
the input and output, as θ = y × y−1
1 . However, the component may not be nclassifiable in a general scenario because, in the absence of the knowledge about the
input y1 , the values of y1 and θ may be appropriately swapped and the information
about the output y would not resolve the ambiguity.2
• Under Additive Noise: Most often, white balancing precedes processing such
as JPEG compression in digital cameras. Operations such compression add noise
to the final output and under this scenario, and therefore the final output can be
written as
y = θy1 + n2 ,

(6.8)

where n2 models the additive noise.
To simplify mathematical analysis of the white balancing component, we consider a specific case with y1 = y1 of unit length and E(n22 ) = σn . Under this
2

The white balancing component may be n-classifiable if there is a restriction on the parameter

space Θ and/or the input space ℜx that would help resolve the ambiguity.
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scenario,


(y − θy1 )2
1
p(y|y1, θ) =
exp −
,
(2πσn2 )1/2
2σn2

(6.9)

and the Fisher information for semi non-intrusive forensics can be derived as:
y12
Is (y1 , θ) = 2 .
σn

(6.10)

This equation suggests that the Fisher information is equal to the signal to noise
ratio (SNR); this satisfies intuition as we notice that as the SNR increases, the
Fisher information increases and the overall accuracy improves.
With the assumption that the input to the component, y1 , follows a Gaussian distribution with mean µy1 and variance σy21 , the pdf of the output y can be
computed as


(y − θµy1 )2
exp − 2 2
p(y|θ) = q
2(θ σy1 + σn2 )
2π(θ2 σy21 + σn2 )
1

(6.11)

and the Fisher for completely non-intrusive forensics can be calculated to be
In (θ) =

3θ2 σy41 (θ2 σy21 + σn2 )2 + µ2y1 (θ2 σy21 + σn2 ) + 2θ2 σy41
.
(θ2 σy21 + σn2 )2

(6.12)

Comparing (6.10) and (6.12), we notice that for any input y1 that satisfies y1 ≥
p
σn In (θ), the Fisher information for semi non-intrusive forensics would be higher

than the Fisher information for completely non-intrusive forensics. Therefore,

by choosing such an input, the overall estimation errors obtained via semi nonintrusive forensics can be made lower compared to non-intrusive studies. Thus,
the white balancing parameters can be better estimated semi non-intrusively by
appropriate choice of inputs.

6.2.3

JPEG compression

JPEG compression can be considered as quantization in the Discrete Cosine Transform (DCT) domain. The compression parameters and the quality factors can be
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reasonably estimated via statistical analysis based on binning techniques just based
on the output image [33,84]. Therefore, the component is n-classifiable for non-zero
inputs.

6.3

Semi Non-Intrusive Forensics with Heuristic
Pattern

In the previous section, we have shown that the parameters of such important
components as color interpolation and white balancing can be estimated with a
higher accuracy and confidence via semi non-intrusive forensics compared to completely non-intrusive forensics. In this section, we design a heuristic pattern for
semi non-intrusive forensics of digital cameras and show that the heuristic pattern
can provide better accuracies in parameter estimation.

6.3.1

Heuristic Pattern Design

Lets consider the imaging model discussed in Section 6.1. Concatenating all the
elements of y(m, n, c) to form y, and representing (6.4) in matrix form, we obtain
y = Aαβ x + Bβ n1 + n2 .

(6.13)

where Aαβ and Bβ denote the matrices of appropriate dimension and are formed
from the parameters α and β. The sub-scripts in these matrices are used to indicate their dependence on the appropriate component parameters. The goal of the
forensic analyst in semi non-intrusive forensics is to design an input that would
help increase the confidence (or accuracy) in classifying (or estimating) the device
parameters φ = [Aαβ Bβ ].
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Suppose Na is the total number of possible algorithms employed by the component such that φ ∈ Φ = {φ1 , φ2 , . . . , φNa }, the forensic analyst computes the
optimal input as the one that maximizes the confidence score
Na
ηi (x) =
Na − 1



1
p(φi |x, y) −
.
Na

(6.14)

Assuming the noise terms n1 and n2 to be independent and Gaussian distributed
with mean zero and variance σn2 1 and σn2 2 , respectively, it can be shown that finding
an input that maximizes (6.14) is equivalent to computing the input that maximizes the distance, (Aαβ (i) − Aαβ (j))x, between the means of every two pairs of
distributions. In this subsection, we develop heuristics to achieve this property.
As seen from the analysis, choosing the optimal input pattern would depend
on the nature of the algorithms in the parameter space Φ. In the case of the
color interpolation component, the algorithm space Φ can be mainly classified
into two categories as adaptive and non-adaptive methods depending on the way
they handle edge regions (see Appendix I of Chapter 3 for a brief summary).
Therefore, a good input to identify the interpolation category would be a pattern
with significant edge patterns, either in the horizontal or vertical direction. A
sample is shown in Figure 6.1(a). The corresponding images interpolated with
non-adaptive and adaptive methods are shown in Figure 6.1(b) and (c) and their
magnified versions are shown in Figure 6.1(d) and (e) respectively. As can be seen
from the figures, there are significant artifacts for images interpolated using nonadaptive methods, and no such distortions are present in the images interpolated
using gradient based adaptive techniques. This result is expected because the nonadaptive methods to not use any kind of edge sensing algorithms to avoid averaging
across the edge. In this case, we would be able to easily distinguish between the
two kinds of interpolation methods only by visually examining the outputs under
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Figure 6.1: A possible input pattern to identify the interpolation type. The figure
shows (a) sample input pattern; (b) image obtained after non-adaptive interpolation techniques; (c) image obtained after edge based adaptive methods; (d) a
magnified version of (b) showing the artifacts; (e) a magnified version of image in
(c).
this input. This illustration indicates that the choice of an optimal input would in
general depend on the type of possible interpolation algorithms that we intend to
identify (or differentiate). For instance, the sample pattern in Figure 6.1 may not
be able to distinguish between two different types of adaptive methods that use
different set of coefficients for interpolation.
Generalizing on this observation, we define a set of properties required for an
optimal input pattern based on a detailed study of the imaging process and possible
algorithms employed in each component.
• Identifying Color Interpolation Methods:
– To help distinguish between different kinds of adaptive interpolation
methods, it would be necessary to study the similarity and differences
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in the way each of the interpolation methods handle different types
of directional edges. Thus, a converging wedge pattern as shown in
Figure 6.2 would be useful.
– Chirp signals can be used to capture the variations in the frequency domain as they have been known to have a very good frequency response.
The basic equation for generating a chirp signal is of the form
s(m, n) = a1 cos(a2 m2 + a3 n2 ).
where a1 , a2 , and a3 are suitably chosen constants. These patterns also
provide us with a simple method to construct symmetric and circular
patterns with gradually decreasing widths and thickness, and in turn
facilitating performance studies of the interpolation methods under various frequency levels.
– Some interpolation methods have different ways to handle smooth regions. Generally, bilinear or bicubic interpolation methods are used in
smooth regions due to their ease in implementation and because they
do not produce pronounced visual distortions in these areas. Thus, the
ideal pattern should also have reasonable sized smooth and gradually
varying regions to help identify the type of interpolation used here.
– Naturalness: Many of the interpolation methods are designed to work
well for natural images taken using a camera with a gradually changing
smooth hue. Some of them further assume that the edges of the three
color channels are aligned, and some others suppose that the differences
between the color channels (red-green, red-blue, blue-green) are continuous. Hence, it would be necessary that have a smooth hue in order to
achieve maximum accuracy in identification.
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• Identifying White Balancing methods: Most of the cameras use white-patch
algorithm or the grey-world methods for white balancing. The white patch
method is based on relative normalization of the individual color channels
based on assumption that a particular region (in the image) is white. Thus,
introducing large sections of all-black and all-white regions with constant
intensity would enable us to find if the white-patch methods were used. To
identify the grey-world algorithms, it would be necessary to see if the average
pixel value in the output image is close to the mid-grey value of 128.
• Identifying Gamma Correction: The best input pattern to find the value
of Gamma is the varying grey scale pattern. Thus, comparing the output
grey scale values with the input, one can obtain a very good and reasonable
estimate of the value of the parameter gamma.
• Identifying Lens distortions: The best pattern to help identify any kind of
lens distortions is the checkerboard pattern with long straight lines. We
would also be able to estimate the parameters of the lens distortions by
studying the transformations undergone by a straight line. The checkerboard
pattern also helps align the captured image with the original image.
Based on the requirements outlined above, a possible input pattern is constructed as shown in Figure 6.3 by combining different patterns each satisfying
some of the requirements listed above. As can be seen from the figure, it has
the variable frequency chirp patterns at the center, the wedge patterns have been
repeated twice to help provide more information about the variability in handling
gradients along different directions. Gradually changing smooth regions border the
chirp patterns to help identify the interpolation methods used in smooth regions.
The image has been post-processed by fine tuning the hue and the ratios red/green
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Figure 6.2: Wedge patterns for semi non-intrusive forensics.
and the blue/green components have been smoothened to introduce naturalness.
Finally, the difference images (red-green and blue-green) have also been spatially
averaged to obtain good performance.

6.3.2

Component Forensics Analysis of Color Interpolation

As shown in Section 6.2.1, in the absence of noise and post-interpolation processing operations, color interpolation module is 0−consistent and completely nonintrusive analysis would provide the same accuracies as semi non-intrusive analysis and the knowledge of the input does not provide any additional information to
aid forensic analysis in this case. However, in the presence of noise, the component would no longer be 0−consistent and semi non-intrusive analysis would provide better accuracies than completely non-intrusive analysis. In this subsection,
we examine the effectiveness of the heuristic input pattern for semi non-intrusive
forensics of color interpolation module and compare the results obtained with natural images under completely non-intrusive forensics scenario in the presence of
post-interpolation processing.
We employ the proposed heuristic pattern for semi non-intrusive forensic anal-
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Figure 6.3: Heuristically designed input pattern.
ysis. In order to simulate completely non-intrusive forensic scenario for comparison studies, we select 20 representative images corresponding to different natural
scenes [129, 133]. These images are first down-sampled to remove the effects of
previously applied filtering and interpolation operations, sampled on the Bayer filter array [13], and then interpolated using six different interpolation algorithms to
reproduce the scene capture process in cameras. The interpolation methods that
we consider are: (a) Linear types of interpolation, including Bilinear and Bicubic,
and (b) Non-linear interpolation methods including Smooth Hue, Median Filter
based approach, Gradient based, and Adaptive Color Plane [7]. These 120 images
obtained using these six different interpolation techniques form the non-intrusive
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Figure 6.4: Results for color interpolation showing (a) mean and (b) variance of
estimation error.
forensic dataset. We test the efficiency of semi non-intrusive forensics from both
an estimation and pattern classification perspective.
Performance Evaluation from Estimation Perspective
For each image in the dataset, we estimate the interpolation coefficients from
each type of region ℜm (m = 1, 2, 3) by solving the least squares problem [128],
re-interpolate the image using the estimated coefficients, and find the estimation
error. We compare the estimation results obtained semi non-intrusively using the
proposed heuristic pattern with the ones got by employing natural images under
non-intrusive scenarios. Figure 6.4(a) and (b) compare the results in terms of
the mean and variance of the estimation error, respectively, for the two linear
and four non-linear interpolation algorithms. As can be seen in the figure, the
proposed heuristic pattern gives an average estimation error close to 0.007 per pixel
that is much lower compared to natural images for which the values are around
0.015 − 0.03. This suggests the effectiveness of the proposed heuristic pattern for
improving the estimation of the color interpolation coefficients and demonstrates
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the performance gains of semi non-intrusive forensics over the completely nonintrusive scenario.
Performance Evaluation from Classification Perspective
In this part, we study the performance of the heuristic pattern for classifying the
interpolation type. For our experiments, we estimate the interpolation coefficients
from each of the 120 synthetic images in the dataset and classify them with a
SVM classifier [148]. We compute the confidence value as a difference between
the probability of correct classification and the maximum of the corresponding
likelihoods of the making a wrong decision, i.e.,
ηi (x, y) = p(φi |y, x) −

max

j=1,2,...,Na ,j6=i

p(φj |y, x),

(6.15)

and use this as a metric to examine the classification results.
We study the robustness in parameter classification under JPEG compression.
In Table 6.1, we show the confidence scores obtained on ‘correct’ classification
under different quality levels of JPEG compression. We note that the maximum
confidence is attained under ‘no compression’ for most of interpolation algorithms,
and the confidence score reduces as the JPEG quality factor reduces. The ‘∗’
marks in the table under low JPEG quality indicate mis-classification. Upon a
closer look at these results, we find that these bilinear and smooth hue interpolated
images have been wrongly classified as bicubic. This result is expected because
bilinear and bicubic employ very similar interpolation approaches, and smooth
hue uses bicubic for the ‘green’ component as discussed in Appendix I of Chapter
3. The confidence values obtained for the heuristic pattern, in all scenarios, are
significantly higher than those obtained for natural images which are in the range
of 50 − 60% even under 100% JPEG quality. This demonstrates the superiority of
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Table 6.1: Variation of the classification confidence score as a function of JPEG
quality factor for the heuristic pattern in Figure 6.3. ∗ indicates mis-classification.
Algorithm

No Compr.

90%

80%

70%

60%

50%

40%

30%

Bilinear

74%

68%

35%

*

*

*

*

*

Bicubic

77%

39%

55%

65%

60%

44%

25%

3%

Smooth Hue

94%

25%

16%

*

*

*

*

*

Median Based

64%

72%

68%

73%

77%

78%

67%

29%

Gradient Based

99%

92%

89%

83%

76%

71%

66%

69%

ACP

87%

50%

35%

22%

27%

25%

14%

*

the designed pattern for semi non-intrusive analysis.
A Closer Look at Estimation and Classification Results
We take a closer look at the estimation and the classification results to understand
the reasons for superior performance. More specifically, we divide the heuristic
pattern, shown in Figure 6.3 into various 512 × 512 regions depending on the
location of wedge, chirp, horizontal, and vertical gradient patterns. The image
blocks are then interpolated with each of the 6 different interpolation methods,
and the interpolation coefficients are estimated from these blocks for classification.
In Figure 6.5 (a)–(f), we show the images obtained from the six interpolation
algorithms and highlight in green the regions that have been correctly classified by
the SVM classifier. For instance, when interpolated with the bilinear method, all
the regions except the wedge regions and the horizontal/vertical gradient regions
are correctly classified to be bilinearly interpolated and the remaining regions were
mis-classified.
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Comparing the highlighted regions in all the six images, we note that different
types of regions are correctly classified when interpolated with different techniques.
For example, the chirp patterns in the center can help identify the bilinear, bicubic,
smooth hue, gradient based, and adaptive color plane methods. However, they
may not be very good for identifying median based methods. On the other hand,
converging wedge patterns are very good in identifying the median interpolation
and gradient based methods. The horizontal and vertical gradient patterns can
help distinguish adaptive versus non-adaptive methods, but cannot help separate
two different types of adaptive methods or two different kinds of non-adaptive
methods. Thus, our results indicate that while the individual patterns may not
be separately good for identifying the exact interpolation algorithm, the proposed
heuristic pattern is very good. When the entire image is given as an input, the
coefficients obtained from each of the regions contribute to improve the overall
classification accuracy; thus, improving the confidence in forensic analysis.

6.3.3

Forensics Analysis of White Balancing Parameters

In this subsection, we focus on white balance parameter estimation. We begin
by describing the estimation algorithm and then present simulation results and
analysis.
Proposed Algorithm to Estimate White Balance Parameters
A brief survey of white balancing methods are included in Appendix of this chapter.
White balancing operations are typically multiplicative [39, 150] as shown in (6.2)
and each color in the photograph is multiplied by an appropriately chosen constant
in the camera color space. Using U to represent the transformation matrix that
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(a) Bilinear Interpolation

(b) Bicubic Interpolation

(c) Smooth Hue

(d) Median based

(e) Gradient based

(f) ACP

Figure 6.5: A closer look at the heuristic pattern highlighting the regions that are
correctly classified under different types of color interpolation algorithms.
is used to convert the RGB color coefficients to camera color space, the white
balancing operation can be modeled as



 y2 (m, n, 1) 
 y1 (m, n, 1)



 y (m, n, 2)  = U −1 ΛU  y (m, n, 2)
2
 1





y1 (m, n, 3)
y2 (m, n, 3)





,



(6.16)

where y1 (., ., .) represents the raw pixels, y2 (., ., .) represents the white-balanced
pixels, and the 3 × 3 diagonal matrix Λ denotes the white-balancing coefficients
that are chosen based on the lighting conditions of the scene.3 In most commercial
3

Diagonal transformation matrix is preferred for Λ as it follows the Von-Kries hypothesis [39],

and has only 3 parameters to be estimated from the scene.
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cameras, white balancing is done in the XYZ color space [150], and U in this case
would correspond to the color transformation from RGB to XYZ space. Some
modern digital cameras may perform sensor sharpening, and appropriate modifications are done to the matrix U to include these effects. Some sample values of
the transformation matrix, U, for FujiFilm FinePix S5000 and Canon EOS Digital
Rebel are shown in Figure 6.6(a) and (b), respectively. Note that U is tied to a
camera, while the value of Λ varies for each picture taken by the device.
As shown in Section 6.2, it would be difficult to non-intrusively estimate the
white balancing parameters U and Λ accurately from the output images without
the knowledge of the actual raw values captured by the sensor. However, they can
be semi non-intrusively estimated. If the digital camera can produce raw images,
the pixel values as captured by the CCD sensors can be read out from the captured
image. These values can be used alongwith the actual white balanced output to
estimate U and Λ by solving (6.16). For digital cameras that do not produce the
raw format, the values of U can be estimated by a two-step process [129,133]. The
first step obtains two images with approximately the same raw data but different
white balanced processed versions. This can be done by manually choosing different
built-in white balancing options while taking the pictures, for example, one image
with white balancing setting fixed to “tube light” and another with “tungsten
light.” Let the white balanced RGB pixel values in the first image be denoted
(1)

(1)

(1)

(2)

(2)

(2)

as Rwb , Gwb , and Bwb and let Rwb , Gwb , and Bwb represent the corresponding
values in the second image. Denoting the corresponding white balancing constants
employed in generating the two images by Λ(1) and Λ(2) , respectively, we can show
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Figure 6.6: Actual values of the transformation matrix (U) for two different camera
brands.
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(6.17)

Here, the notation Λ(2) /Λ(1) represents a diagonal matrix with each diagonal element obtained as an element-wise division of the corresponding terms in Λ(2) and
Λ(1) .
In the following, we test our proposed estimation techniques for simulated data
and study its robustness to JPEG compression with both synthetic data and actual
images taken from the camera.
Testing with Synthetic Data
To reproduce the experimental setup in digital cameras, we generate two images
by applying two different white balancing parameters both with the same U corresponding to the ones employed in Canon EOS Digital Rebel (shown in the Figure
6.6(b)). The diagonal values of the matrix Λ for the first image are chosen to
be equal to {1.436, 1, 1.763} and as {2.442, 1, 1.073} for the second image. These
values correspond to the ones used for daylight and tungsten light settings respectively. The coefficients of A1→2 = U −1 (Λ(2) /Λ(1) )U and the transformation matrix
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Figure 6.7: Results for white balancing showing the error in estimation of (a) A1→2
and (b) normalized transformation matrix Unorm .
U are then estimated from these two white balanced images.
We study the robustness of the estimation techniques as the final images are
JPEG compressed. More specifically, we JPEG compress the white balanced images with different quality factors and use these images for estimation. The estimation error in A1→2 is computed as the squared Forbenius norm between the
actual and the estimated values, and is shown in Figure 6.7(a) as a function of
the JPEG quality factor. The figure shows the error for the synthetic pattern
alongside the average error recorded from 20 natural images. We notice that the
error reduces as the quality factor increases for both natural images and the designed pattern as expected. We also observe that the overall value of error for the
designed pattern is an order of magnitude lower than that obtained for natural
images. This result demonstrates the superiority of the proposed heuristic pattern
for semi non-intrusive estimation of white balancing parameters.
Eigen value decomposition is applied to the estimated matrix A1→2 , and the
eigenvector matrix Ûnorm is computed with each of the eigenvectors normalized to
unit energy. The Frobenius norm between the actual normalized matrix Unorm and

165

the estimated matrix is shown in Figure 6.7(b) as a function of the JPEG quality
factor. We notice that error values are lower than 0.1, suggesting the effectiveness
of the proposed heuristic pattern for estimating the white balance parameter Unorm .
Similar results were also obtained when tested with camera data.
Comparing Figure 6.4(a) and Figure 6.7(a), we also find that while the estimation results obtained in the semi non-intrusive scenario with the proposed heuristic
pattern are better than the ones obtained using natural images in both cases, the
performance improvement is more significant in the case of white balancing than
for the case of color interpolation. This result can be attributed to the multiplicative nature of the white balance operation (see (6.16)), that requires more
information to produce more accurate estimates, and such additional information
may be available in controlled test conditions in a semi non-intrusive scenario.
These results also suggest that the performance improvements obtained with semi
non-intrusive forensics depends on the nature of processing that is to be identified.
Testing with Camera Images
We use the proposed estimation techniques for obtaining the white balancing parameters from camera data. In our experiments, we display the pattern in the
Liquid Crystal Display (LCD) monitor and capture it with several digital cameras. All images are captured under the same constant uniform illumination under
incandescent lights. The Gamma of monitor is set to 1 and the ISO setting and
focal length are maintained to be similar for all images. A tripod is used to remove the effects of other kinds of such random distortions as the ones introduced
by hand shaking, and distinct horizontal (and vertical) lines as shown in Figure 6.3
is used as a reference lines and to fix the center of the camera to the center of the
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Figure 6.8: Results for estimating white balancing parameters for Canon EOS Digital Rebel: the estimated and the actual values of the normalized transformation
matrix (Unorm ) are shown alongside for comparison.
image. Several snapshots of the input image were taken by changing the white
balance setting on the camera manually.
As a preliminary pre-processing step, registration is performed on the two
JPEG images. The corners in checker-board registration pattern is employed to
give good set of corresponding points, and the homographies [57] are computed by
matching these corners. One of the two images is then projected using the estimated homography and the projected image is used for subsequent analysis. We
formulate a set of linear equations using the projected image and solve it using the
least squares technique to obtain A1→2 . We then compute its eigenvalues and normalized eigenvector matrix Ûnorm . The estimated values are shown in Figure 6.8.
The actual value of the transformation matrix U is also obtained by reading the
header of the corresponding raw files captured solely for testing purposes. The
closeness in the estimated and the normalized actual coefficients demonstrate that
our proposed simulation setting, pattern, and the estimation technique is good.
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6.4

Optimal Pattern Design for Semi Non-Intrusive
Forensics

In this section, we employ metrics from the estimation and pattern classification
frameworks presented in Chapter 5 to optimize the heuristic pattern for semi nonintrusive analysis.

6.4.1

Optimizing the Heuristic Pattern via Estimation Framework

We optimize the input pattern for semi non-intrusive forensics by solving a minimization problem that minimizes the parameter estimation accuracies, ∆s (x, y),
where x and y are the input and the output to the component, respectively. As described in the imaging model in Section 6.1, color interpolation in digital cameras
can be expressed mathematically as (6.1) and can be represented in the matrix
form as
y = Xα + n1 .

(6.18)

where y denotes the component output, X represents a matrix with component
input values, α = [α(−Nα , −Nα , 1), . . . , α(Nα , Nα , 3)]T is a vector containing all
the component parameters to be estimated, and n1 is the additive white noise that
models any post-interpolation processing operations. Under the assumption that
the noise follows an independent and identically distributed Gaussian distribution,
it can be shown that the estimation error for semi non-intrusive forensics under
the input x is equal to the inverse of the signal-to-noise ratio, i.e.,
∆s (x, y) = σn2 1 (XT X)−1 .
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(6.19)

Figure 6.9: Digitally magnified versions of a 32 × 32 part in the original and
optimized input patterns.
where σn2 1 is the variance of the additive noise.
An iterative technique based on gradient-descent algorithm is employed to minimize the cost function ∆s (x, y) and to optimize the pixel values of the input pattern [126]. In Figure 6.9, we show the results of the optimization algorithm for a
32×32 part the original input along with the optimized version for comparison. To
test the goodness of the designed pattern and the optimized pattern for estimating
the cameras’ color interpolation parameters, we first interpolate both the original
and the optimized images shown in Figure 6.9 using different kinds of adaptive
interpolation algorithms such as gradient based [92] and adaptive color plane [56].
We then post-process the interpolated images by JPEG compressing them under
different quality factors [126]; and finally re-estimate the interpolation coefficients
from the compressed versions. Figure 6.10 shows the estimation error as a function of the JPEG quality factor for both the heuristically designed input and the
optimized input image. The figure shows the average error is significantly lower for
the case of the optimized pattern compared with the original pattern. This result
suggests that the theoretical framework can be employed to design optimal input
patterns for estimating the color interpolation parameters with improved efficiency
and robustness to post-interpolation operations such as JPEG compression.
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Performance Comparison for Adaptive Interpolation
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Figure 6.10: Average estimation error for semi non-intrusive forensics as a function
of JPEG quality factor.

6.4.2

Optimizing the Heuristic Pattern via Pattern Classification Framework

In the previous subsection, we employed estimation error as a metric for optimizing the heuristic pattern for semi non-intrusive analysis. The optimized images
obtained therein can be employed to estimate the coefficients with a higher accuracy as shown in the experimental results; and can be widely deployed for forensic
analysis when the knowledge of possible set of color interpolation algorithms is not
known apriori.
In this subsection, we show that with the knowledge of the possible set of color
interpolation algorithms, ideas from pattern classification theory can be employed
for optimizing the heuristic pattern and find the one that maximizes the overall
confidence in decision making. As shown earlier in Section 6.3.1, the optimal input
for camera component forensics is the one that maximizes the distance, ||(Aαβ (i) −
Aαβ (j))x||. Here, Aαβ (i) and Aαβ (j) correspond to two different possible values
for the Aαβ from the algorithm space. It can be shown that the solution for this
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Figure 6.11: Confidence score as a function of JPEG quality factor for (a) natural
images (b) designed pattern.
maximization problem, x̂, is along the direction of the eigenvector corresponding
to the largest eigenvalue of the matrix (Aαβ (i) − Aαβ (j)). Based on the above
observations, we optimize the heuristic pattern in Figure 6.3 and modify in such a
way that the optimal input approximately follows the direction of the maximum
eigenvector [130, 133]. The optimized input is employed for testing.
To simulate the camera capture process, the optimized input image is interpolated using two different interpolation techniques: bicubic that does not adapt to
image content, and the adaptive color plane interpolation method (see Appendix
I of Chapter 3 for detailed description of interpolation algorithms) that adapts to
image gradient values. The interpolation coefficients are estimated and used as
an input to a two-class support vector machine (SVM) classifier [148] for identification. This SVM has been trained with the coefficients obtained from natural
images correspondingly interpolated with each of the same two different techniques.
We study the robustness in parameter estimation under JPEG compression. In
Figure 6.11, we plot the confidence values obtained on classification under different
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quality levels of JPEG compression both for the designed pattern and for natural images. We notice from the figure that as the JPEG quality factor reduces
and compression noise becomes stronger, the confidence of correctly identifying
the interpolation coefficients reduces. Additionally, we observe that the confidence
score obtained with the designed pattern is higher than the average scores obtained
with natural images; demonstrating the superiority of designed pattern for semi
non-intrusive analysis.

6.5

Chapter Summary

In this chapter, we present several applications of the theoretical framework and
show its applicability for semi non-intrusive component forensics of digital cameras. We present case studies to examine digital camera components and theoretically derive the requirements for intrusive, semi non-intrusive, and completely
non-intrusive forensics of digital camera components. Motivated by the conclusions
from the theoretical analysis, we identify the basic requirements of a good input
pattern for semi non-intrusive forensics, and construct an input pattern satisfying
these conditions. We present a systematic methodology to estimate the parameters of the cameras’ color interpolation and white balancing algorithms, and show
through simulations that the proposed heuristic input pattern in controlled testing
conditions provides an overall higher accuracy in parameter estimation. Comparisons with natural images obtained under non-intrusive forensic conditions suggest
the need for robust semi non-intrusive forensics, and the superiority of the heuristic
input pattern for parameter estimation. We then apply the theoretical framework
to optimize the input pattern using estimation error and confidence score as metrics; and show that the accuracy in parameter identification can be improved via
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such an approach. The features obtained from semi non-intrusive analysis provide
useful evidence to analyze infringement/licensing, to construct good training sets
for camera identification, and to provide ground-truth information for tampering
detection.

Appendix: Brief Survey of Some Popular White
Balancing Algorithms
There are many algorithms for white balancing [32]. In manual white balancing
techniques, the scale factors are chosen based on the chosen illuminance options
such as tube light, sunlight, incandescent lamps, cloudy lights, night vision, etc.
On the other hand, auto white balancing algorithms compute these values from
the picture based on estimate of the illuminance of the scene [12,140]. Auto white
balancing can be very broadly classified into three main categories based on their
inherent assumptions - gray world, white patch, and retinex methods. The Gray
world techniques work by assuming that average of all the pixel values in the world
is gray. These techniques find the the scale factors by normalizing with respect
to the mean of the image, mean of all images in the database, weighted mean of
the image, or by using the image mean after truncation [49]. The white patch
algorithms on the other hand assume that the maximum value of the scene is
white, and normalize the pixel values to achieve it. Retinex methods are one of
the oldest known techniques [18]. In this case, a path is first chosen, and the ratio
between the pixel values to the maximum in the path is computed. Such process
is repeated for many possible paths and the average ratio is found to be used as a
normalization factor.
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Chapter 7
Extrinsic Fingerprinting via
Robust and Secure Image
Hashing
In the previous chapters, we discussed forensic approaches to image authentication. In addition to these methods, when the original image is available at
hand, traditional techniques based on cryptography and watermarking can also
be employed to authenticate multimedia, verify content integrity, and prevent
forgery [24, 28, 29, 146]. In this chapter, we focus on addressing the problem of
multimedia forensics via extrinsic fingerprinting. Extrinsic fingerprints are external signals that are added to the image by the device after the image has been
captured. These external signals can then be used to establish the authenticity
of digital data and determine possible tampering. Compared with non-intrusive
forensic analysis via intrinsic fingerprints, the use of extrinsic fingerprints necessitates the presence of the device at hand as the fingerprint needs to be added at
the time of image acquisition. While this requirement imposes some additional
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Figure 7.1: Hash functions for image authentication.
constraints on their applicability, extrinsic fingerprinting techniques help build an
content-based image authentication scheme that is collision-resistant, robust to
common signal processing operations, and secure against estimation and forgery
attacks as will be shown in the chapter.
There are two popular approaches to multimedia authentication via extrinsic
fingerprinting. These include semi-fragile watermarking [40, 52, 146] and robust
image hashing [122]. In this work, we mainly focus on robust image hash functions
as a means for extrinsic fingerprinting. A multimedia hash is a content-based
digital signature of the media data. To generate a multimedia hash, a secret
key is used to extract certain features from the data. These features are further
processed to form the hash. The hash is transmitted along with the media either
by appending or embedding it to the primary media data. At the receiver side, the
authenticator uses the same key to generate the hash values, which are compared
to the ones transmitted along with the data for verifying its authenticity. This
process is illustrated in Figure 7.1.
In addition to content authentication, multimedia hashes are used in content
based retrieval from databases [82]. To search for multimedia content, naı̈ve methods such as sample-by-sample comparisons are computationally inefficient. More-
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over, these methods compare the lowest level of content representation and do not
offer robustness in such situations as geometric distortions. Robust image hash
functions can be used to address this problem [138]. A hash is computed for every data entry in the database and stored with the original data in the form of a
look-up table. To search for a given query in the database, its hash is computed
and compared with the hashes in the look-up table. The data entry corresponding
to the closest match, in terms of certain hash-domain distance that often accounts
for content similarity, is then fetched. Since the hash has much smaller size with
respect to the original media, matching the hash values is computationally more
efficient.
Image hash functions have also been used in applications involving image and
video watermarking. In non-oblivious image watermarking, the need for the original image in watermark extraction can be substituted by using hash as side information [20,28,30]. The hash functions have also been used as image-dependent
keys for watermarking [41, 62]. In video watermarking, it has been shown that
adversaries can employ “collusion attacks” to devise simple statistical measures
to estimate the watermark if they have the access to multiple copies of similar
frames [119]. A solution to this problem is to use secure, content-dependent hash
values as a key to generate the watermark [42].
The rest of the chapter is organized as follows. In Section 7.1, we introduce the
general framework for image hashing and present prior art. We then present the
proposed image hashing scheme and compare its performance with several existing
schemes in Section 7.2. We evaluate the security for a number image hashing
schemes in Section 7.3. Finally, discussions are provided in Section 7.4 and the
chapter is summarized in Section 7.5.
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7.1

General Framework and Prior Art

There are two important design criteria for image hash functions, namely, robustness and security [42, 120–122, 138, 147]. By robustness, we mean that when the
same key is used, perceptually similar images should produce similar hashes. Here,
the similarity of hashes is measured in terms of some distance metric, such as the
Euclidean or Hamming distance. In this work, we consider two images to be similar
if one image can be obtained from the other through a set of content-preserving manipulations. This set of manipulations includes moderate levels of additive noise,
JPEG compression, geometric distortions (such as the common rotation, scaling,
and translation operations, or more generally affine transformations), cropping, filtering operations (such as spatial averaging and median filtering), and watermark
embedding.
The security of image hash functions is introduced by incorporating a secret key
in generating the hash. Without the knowledge of the key, the hash values should
not be easily forged or estimated. Additionally, some design criteria for generic
data hash also applies to image hash functions, namely, the one-way and collisionfree properties. A hash is one-way if given a hash h and a hash function g(·), it
is computationally expensive to find an image I such that h = g(I). Collision-free
property refers to the fact that given an image I and a hash function g(·), it is
ˆ Although
computationally hard to find a second image Iˆ such that g(I) = g(I).
some generic data hash functions such as MD5 satisfy these criteria [96], they
are highly dependent on every bit (or pixel) of the input data rather than on the
content. Hence, most of the them are not suitable for the emerging multimedia
applications and the need for building robust and secure image hash is paramount.
To achieve robustness and security in image hashing, most of the existing
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Figure 7.2: The three-step framework for generating a hash.
schemes follow a three-step framework to generate a hash. As shown in Figure 7.2,
these three steps include
1. Generating a key-dependent feature vector from the image,
2. Quantizing the feature vector, and
3. Compressing the quantized vector.
The most challenging part of this framework has been the feature extraction
stage [79, 98, 138]. A robust image feature extraction scheme should withstand
minor distortions to the image that do not alter the semantic content [41, 41,
42, 78, 79, 98, 100, 120, 122, 138, 147, 151]. A typical approach is to extract image
features that is invariant to allowed content-preserving image processing operations [41,42,78,100,151]. These features are then used to generate the hash values.
Some of the features that have been proposed in the literature include blockbased histograms [38, 64, 117], image edge information [115], relative magnitudes
of the DCT coefficients [80], and the scale interaction model with the MexicanHat wavelets [16]. However, these features are both sensitive and publicly known.
The sensitivity against minor distortion can be mitigated by preprocessing signals
via low-pass filtering [138], applying quantization or extracting most-significant
bits [151], and clustering [99]. As these resilient features are publicly known, using them alone makes the scheme susceptible to forgery attacks [42], even when
the final hash is obtained by encrypting these features [16, 80]. This is because
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the attacker may create a new image with different visual content, while still preserving the feature values. As the resulting hash will be the same, such hashing
approaches may lead to mis-classifications in database applications, and would also
be vulnerable to counterfeiting attacks in authentication applications. Therefore,
the security mechanism should be combined into the feature extraction stage.
By jointly considering security and robustness, Fridrich et al. propose to generate image hash by projecting an input image onto zero-mean random smooth
patterns, generated using a secret key [42]. While the resulting hash is resilient to
filtering operations, it does not perform very well for geometric distortions and is
not collision-free as shown in [116]. In [138], Venkatesan et al. use the principal
values calculated from the wavelet transform of the image blocks to generate a feature vector invariant to general gray scale operations. The resulting features are
then randomly quantized and compressed to produce the final hash [97]. Recently,
it has been shown that this scheme does not perform well for some manipulations
such as contrast changes, gamma correction [95]. An iterative key-dependent image
hash based on repeated thresholding and spatial filtering was proposed in [98]. All
these algorithms [42,98,138] described above perform well under additive noise and
common filtering operations, but not under desynchronization and geometric distortions. Considering these disadvantages, the Radon soft hash algorithm (RASH)
based on the properties of the Radon transform was proposed in [78,79]. Recently,
other transform domain features have been employed for perceptual hashing. Features obtained from the singular value decomposition (SVD) of pseudo-randomly
chosen regions of the image [71] and Randlet transform coefficients [90] have been
shown to have good robustness properties especially for rotation and cropping
attacks.
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To enable fast comparison and searches, it is usually preferred that the final
hash be a short sequence of bits rather than a set of real numbers. Therefore, the
output of the feature extraction stage is usually quantized, converted to binary
representation, and further compressed. Uniform, Lloyd-Max, or key-dependent
randomized quantizers have been used for hash quantization [97, 138]; and the decoding stages of error correcting codes have been used for compressing the quantized hash [17, 97, 138]. These methods reduce the length of the hash vector; yet
preserving the Hamming distance. Some work also secure the compression stage
by performing a key-dependent random selection from the quantized hash values [97,151]. A detailed survey of image hashing algorithms can be found in [147].
In this work, we introduce a new method to construct robust and secure image
hash functions. Since the feature extraction stage is the most important stage in
the general image hashing framework, we will investigate the feature extraction
stage in greater detail in this chapter. We design a randomized hashing scheme
based on the rotation invariance of the Fourier-Mellin transform. We show that the
proposed scheme is robust to geometric distortions, filtering operations, and various
content-preserving manipulations. We then present a framework to systematically
study the security aspects of existing image hashing schemes. We propose to
evaluate the security from an information theoretic perspective by measuring the
amount of randomness in the hash vector using the differential entropy as a metric.
We show that the suggested security evaluation framework is generic and can
be used to analyze and compare the security of several classes of image hashing
algorithms. We derive analytical expressions of security using an entropy-based
metric for several representative image hashing schemes and demonstrate that the
proposed hashing algorithm is more secure in terms of this metric. Finally, we
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use the proposed security metric to discuss the trade-offs between robustness and
security that is exhibited in most existing image hashing algorithms.

7.2

Image Hashing Algorithms Based on Polar
Fourier Transform

In this section, we present the proposed image hashing algorithm [122]. Our proposed scheme is based on the Fourier-Mellin transform, which has been shown to
be invariant to 2D affine transformations [41, 63, 81, 105]. We incorporate keydependent randomization into the Fourier transform outputs to form secure and
robust image hash.

7.2.1

Underlying Robustness Principle of the Proposed Algorithm

Consider an image i(x, y) and its 2D Fourier transform I(fx , fy ), where fx and fy
are the normalized spatial frequencies in the range [0, 1]. We denote a rotated,
scaled and translated version of the i(x, y) as i′ (x, y). We can relate them as
i′ (x, y) = i(σ(xcosα + ysinα) − x0 , σ(−xsinα + ycosα) − y0 ),

(7.1)

where the rotation, scaling, and translation (RST) parameters are α, σ, and (x0 , y0 )
respectively. The magnitude of the 2D Fourier transform of i′ (x, y) can be written
as
|I ′ (fx , fy )| = |σ|−2|I(σ −1 (fx cosα + fy sinα), σ −1 (−fx sinα + fy cosα))|.

(7.2)

Consider now a polar coordinate representation in the Fourier transform domain,
i.e. fx = ρcosθ and fy = ρsinθ, where ρ ∈ [0, 1] is the normalized radius and
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θ ∈ [0, 2π) is the angle parameter. The (7.2) can be written using polar coordinates as
|I ′ (ρ, θ)| = |σ|−2 |I(ρσ −1 , θ − α)|.

(7.3)

In (7.3), we observe that the magnitude of the Fourier transform is independent of
the translational parameters (x0 , y0 ). Observing that a rotation in image domain
leads to a rotation by the same amount in the Fourier transform domain, we integrate the transform magnitude |I ′ (ρ, θ)| along a circle centered at zero frequency
with a fixed radius ρ to obtain
h(ρ) =

Z

0

2π
′

|I (ρ, θ)|dθ ≈

Z

0

2π

|I(ρ, θ − α)|dθ ≈

Z

0

2π

|I(ρ, θ)|dθ.

(7.4)

These properties of the Fourier transform enable us to construct robust features.
In the next subsection, we present the detail steps of the proposed algorithms.

7.2.2

Basic Steps of the Proposed Algorithms

The basic steps of the proposed algorithm include preprocessing, feature generation, and post processing.
1. Preprocessing: We first apply a low-pass filter on the input image and downsample it. We then perform histogram equalization on the down-sampled
image to get i(x, y). We take a Fourier transform on the preprocessed image
to obtain I(fx , fy ). The Fourier transform output is converted into polar
co-ordinates to arrive at I ′ (ρ, θ) as in (7.3).
2. Feature generation: We sum up I ′ (ρ, θ) along the θ-axis at K equidistant
, . . . , (2K−1)π
}, to obtain an
points in the range of [0, 2π), i.e. for θ ∈ { Kπ , 3π
K
K
image feature vector hρ . K = 360 is used in our implementation. Since the
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Figure 7.3: 2-D Fourier transform of the Lena image. The j th hash value−hj , is
obtained by a random weighted summation along the circumference of chosen radii
ρ ∈ Γj in scheme−2. Some of the constant radii circles used in the summation are
displayed in the figure. The magnitude of the Fourier transform is shown in the
log-scale and has been appropriately scaled for display purposes.
feature hρ is only dependent on the image content, we propose two randomization methods to obtain key-dependent features using hρ :
• Scheme 1:
We obtain |I ′(ρ, θ)| as in (7.3) and compute a weighted sum along the
θ-axis to obtain the j th hash value:
hj =

K−1
X

βρj ,i

i=0



(2i + 1)π
I ρj ,
,
K
′

(7.5)

where {βρj ,i } are key-dependent pseudo-random numbers that are normally distributed with mean m and variance σ 2 .
• Scheme 2:
We first use a secret key to generate random sets of radii {Γj }. We then
take |I ′(ρ, θ)| obtained in (7.3) and do a summation along the θ-axis
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for each radii in this set. A random linear combination of the resulting
summations gives the j th hash value. This can be represented as
hj =

X

ρ∈Γj

βρ

K−1
X
i=0

I

′



(2i + 1)π
ρ,
K



,

(7.6)

where βρ are key-dependent pseudo-random numbers that are normally
distributed with mean m and variance σ 2 . This method is illustrated in
Figure 7.3.
3. Post processing:

We quantize the resulting statistics vector and apply

Gray coding to obtain the binary hash sequence [51]. This bit sequence
is then passed through the decoding stage of a order-3 Reed-Muller decoder
for compression [97]. This step may also be replaced with the Wyner-Ziv
encoder [65, 149]. Furthermore, we can enhance the security of the hash
by making the quantization and compression stages key-dependent. For example, randomized quantization algorithms may be used to quantize the
hash [97]; for the compression stage, we can randomly select the hash values
from the quantized hash vector [98] or randomly choose the order of the ReedMuller decoder used for different sub-sections of the hash. These techniques
would further enhance the security of the resultant hash vector. Finally, the
compressed hash is randomly permuted according to a permutation table
generated using the key.

7.2.3

Performance Study and Comparison
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Performance Metrics and Experiment Setup
To measure the performance of image hashing, we choose the Hamming distance
between the binary hashes, normalized with respect to the length (L) of the hash
as a performance metric. The normalized Hamming distance is defined as
L

1X
d(h1 , h2 ) =
|h1 (k) − h2 (k)|,
L k=1

(7.7)

which is expected to be close to 0 for similar images and close to 0.5 for dissimilar
ones. As more parts of a picture is changed, the manipulated image and the original image become more dissimilar. For an ideal hashing scheme, the normalized
Hamming distance between the corresponding hashes should increase accordingly.
We test the proposed schemes on a database of around 157,200 images. In
this database, there are 1200 original grey scale images each of size 512 × 512.
This includes around 50 classic benchmark images (such as Lena, Baboon, Pepper,
etc.), and a variety of scenery and human activity photos taken by digital cameras.
These camera photos were cropped, converted to grey scale, and downsampled to
512 × 512. For each original image in this set, we generate 130 similar versions by
manipulating the original image according to a set of content-preserving operations
listed in Table 7.1. We measure the normalized Hamming distance between the
hashes of the original image and the manipulated images. The results obtained for
the proposed schemes are compared with three representative existing schemes by
Fridrich et al. [42], by Venkatesan et al. [138], and by Mihçak et al. [98]. These three
schemes are chosen because they adopt different ways to extract the robust image
feature as well as different methods to randomize these features. We also consider
the normalized Hamming distance between the hashes of dissimilar images, which
indicates the discriminative capability of the hashing algorithm. We note that the
computed hashes of all these schemes are short in length. For a 512 × 512 image,
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Figure 7.4: Performance of various hashing schemes under desynchronization attacks. To generate a point on the curve, the input image was first rotated (or
sheared) to give a larger image padded appropriately with zeros. This image was
then cropped to exclude the zeros and resized to a pre-determined canonical size.
The hash of the resulting image was computed and the normalized Hamming distance from the hash of original image is shown in the Y -axis.
the hash lengths are on the order of a few hundred bits, as shown in Table 7.2.
Experimental Results on Robustness of the Hash
To examine the robustness properties, we consider the performance of various
hashing schemes to different content-preserving manipulations such as moderate
RST, filtering, and image compression.1 We show the comparison results in terms
of normalized Hamming distance in Figure 7.4−Figure 7.8. Our results indicate
1

In all the experiments, we use our implementation of the hashing methods [42, 98, 138] for

the comparison study. Whenever possible, we verified the performance results with the ones
reported in the paper. In all cases, the parameters of the hashing algorithms were chosen so as
to maintain similar values for the security metric in order to facilitate a fair comparison. Refer
Section 7.3 for details on the security metric.
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Table 7.1: Set of content-preserving manipulations.

Manipulation Operation

Parameters of the Operation

Number of Images

Additive Noise
Gaussian distributed

Variance 0-0.2

10

Uniform distributed

Variance 0-0.5

10

Spatial Averaging

Filter order 2-6

5

Median Filter

Filter order 2-11

10

Wiener Filter

Filter order 2-11

10

Sharpening

Filter order 3-11

5

Rotation

Degrees 1-20

20

Scaling

Percentage 0.5-1.5

10

Cropping

Percentage 1-30

10

Shearing

Percentage 1-10

10

Random deletion of lines

Percentage 1-20

10

Gamma correction

I γ , γ ∈ [0.75-1.25]

10

JPEG compression

Compression Ratio 10-99

10

Filtering Operations

Geometric Distortions

Luminance Non-Linearities

Total

130
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Table 7.2: Hash lengths for various hashing schemes.
Hashing method used

Hash Length

Mihçak’s algorithm B [98]

1000

Venkatesan’s scheme [138]

805

Fridrich’s scheme [42]

420

Proposed scheme 1

420

Proposed scheme 2

420

that the proposed schemes perform well under desynchronization distortions. The
performance for rotation and shearing distortions, averaged over the 1200 images,
are shown in Figure 7.4. In the case of rotation distortions, we observe that the
Hamming distance between the quantized feature vectors of the proposed schemes
is smaller than those of the existing schemes, especially for large rotation angle.
This is expected since the summation along the θ-axis reduces the effects of rotation. We can also observe that scheme−2 gives better results than scheme−1,
in terms of the normalized Hamming distance. This is attributed to the fact that
performing a weighted sum along the θ-axis as in the proposed scheme−1 no longer
preserves rotation invariance. The proposed algorithms also achieve comparable
performance with most existing algorithms under shearing distortions. The performance results for random bending [107] and cropping are shown in Figure 7.5(a)
and (b) respectively. We observe that the proposed schemes perform very well
for both these distortions. This is because the magnitude of the low frequency
coefficients of the Fourier transform that contribute to the hash does not change
much under moderate bending and cropping.
We show the performance of the hash algorithms under additive noise in Fig-
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Table 7.3: Performance of the algorithm for dissimilar images under the type of
manipulation shown in Figure 7.9. Here, dAB denotes the distance between images
(a) and (b).
Hashing method used

dAB

dAC

dBC

Mihçak’s algorithm B [98]

0.50

0.20

0.28

Venkatesan’s scheme [138]

0.37

0.15

0.31

Fridrich’s scheme [42]

0.41

0.26

0.34

Proposed scheme 1

0.49

0.28

0.37

Proposed scheme 2

0.48

0.32

0.39

ure 7.6. We observe from the figure that the proposed scheme−2 does well compared to the proposed scheme−1 and other existing schemes. We further note
that the normalized Hamming distance between the hashes of the noisy image and
the original image is very small and on the order of 0.02. This performance is
attributed to the low pass filtering in the preprocessing step of the hash generation. The results for filtering and JPEG compression are shown in Figure 7.7 and
Figure 7.8. We observe that the performance of the proposed schemes under these
distortions is comparable to the existing schemes.
The Discriminative Capability of Hash
Since image hash should be able to distinguish malicious manipulations from
content-preserving ones, its performance in differentiating images with different
contents is an important performance aspect. For images with different contents,
an ideal hash algorithm should produce two statistically independent binary hash
vectors, where half of the hash bits are expected to be the distinct and the other
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half the same. This would result in a normalized Hamming distance of around 0.5.
Our experiments with a set of 1200 different images indicate that the mean of normalized Hamming distance of the resulting 719,400 combinations was around 0.48.
To further demonstrate the performance of the proposed scheme to inauthentic
modifications, we consider the following cut-and-paste image editing as shown in
Figure 7.9, where a new image (c) is created by combining approximately equal
parts from image (a) and (b). An ideal image hashing scheme should classify
(c) as inauthentic. We perform this test on 500 images and list the normalized
Hamming distance between the obtained hash vectors for different algorithms in
Table 7.3. We can see from the table that the proposed schemes find the image (c)
to have large distances from (a) and (b), and thus correctly declare it inauthentic;
on the other hand, the existing algorithms suggest a smaller distance and have
lower reliability to distinguish (c) from (a) and (b).
Image Authentication as a Hypothesis Testing Problem
Generally speaking, the problem of image authentication can be considered as a
hypothesis testing problem with the following two hypotheses
• H0 : Image is not authentic; and
• H1 : Image is authentic.
Now, we examine the robustness and discriminative capabilities of various hashing
schemes in terms of the Receiver Operating Characteristics (ROC) [109,145]. The
ROC curve characterizes the receiver’s performance by classifying the received
signal into one of the hypothesis states. For each original image, we compute and
store the hash values, which we denote as h1 . Given the received image, we find its
hash value h2 and declare it to be authentic if the normalized Hamming distance
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The Effect of Cropping

The Effect of Random Bending
0.14

0.1

Proposed Scheme−1
Proposed Scheme−2
Venkatesan’s scheme
Fridrich’s scheme
Mihcak’s Algorithm B

0.45
Normalized Hamming Distance

Normalized Hamming Distance

0.12

0.5

0.08
0.06
0.04

0.4
0.35

Proposed Scheme−1
Proposed Scheme−2
Venkatesan’s Scheme
Fridrich’s scheme
Mihcak’s Algorithm B

0.3
0.25
0.2
0.15
0.1

0.02
0.05
0
0

2

4
6
Bending Parameter

8

0
0

10

5

10
15
20
Percentage Cropping

25

Figure 7.5: Performance of various hashing schemes under (a) bending and (b)
cropping. Cropped images were obtained by retaining the central portion of the
image and removing the boundaries. The cropped image is resized to a predetermined canonical size before computing the hash.
between the hashes satisfies d(h1 , h2 ) < η where η is a decision threshold. Based
on ground truth, we record the number that are correctly classified as authentic
to give us an estimate of the probability of correct detection (PD ). For a given η,
we also record the number of processed versions of other images that are falsely
classified as original image and obtain an estimate of the probability of false alarm
(PF ). We repeat this process for different decision thresholds η, and arrive at
the ROC. The ROC obtained from the experiments using 1200 different images is
shown in Figure 7.10. We can observe from the ROC curves that the proposed
schemes attain a PD = 0.95 when the PF is 0.05, while the other schemes attain
the same PD when PF is close to 0.15. Hence, the proposed scheme has a higher
probability of correct detection for a given probability of false alarm and hence
achieves a better performance. This further demonstrates the advantages of the
proposed hashing schemes over the existing schemes.
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The Effect of Additive Uniform Noise

The Effect of Additive Gaussian Noise
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Figure 7.6: Performance of various hashing schemes under additive noise. The
noisy images were artificially generated by adding uniform/Gaussian distributed
noise of different variances to the original image.

The Effect of Average Filtering

The Effect of Median Filtering
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Figure 7.7: Performance of various hashing schemes under filtering.
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The Effect of JPEG Compression
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Figure 7.8: Performance of various hashing schemes under JPEG compression.

7.3

Security Analysis

In addition to robustness, another important performance aspect of image hashing
is security, i.e. the hash values should not be easily forged or estimated without
the knowledge of the secret key. In this section, we introduce a framework to
evaluate and compare the security of image hashing schemes. We propose to use
differential entropy as a metric to study the security of randomized image features
and derive analytical expressions of the proposed metric for some representative
classes of image hashing algorithms. Further extensions of the proposed framework
and other possible approaches to study security are described later in Section 7.4.3.

7.3.1

The Proposed Security Evaluation Framework

We propose to evaluate the security of image hashing schemes from an adversary
view point. The adversary knows the hashing algorithm g(·) and the image I, and
tries to estimate the hash values without the knowledge of the secret key. The
degree of success that can be attained by the adversary depends on the amount of
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(a)

(b)

(c)

Figure 7.9: An example of inauthentic manipulations obtained by combining parts
of multiple images. (a) and (b) are two original 512 × 512 images. Image (c) is
obtained by combining parts of image (a) and (b).
randomness in the hash values. The higher the amount of randomness in the hash
values, the tougher it would be to estimate or duplicate the hash without knowing
the key. In the subsequent discussions, we shall focus on the security of the output
of the feature extraction stage. Since the quantization and the compression stages
are chained with feature extraction stage, once the entropy of this stage is obtained,
the entropy measure for the following stages can be obtained subsequently.
We start the discussion by reviewing the definition of differential entropy [27].
The differential entropy of a continuous random variable X is denoted by ℵ(X)
and given by
ℵ(X) =

Z

f (x) log2

Ω



1
f (x)



dx

(7.8)

where f (x) is the probability density function of X and Ω is the range of support
of f (x). In most image hashing schemes, the output of the feature extraction
stage consists of two components – a deterministic part and a random part. The
deterministic part is contributed by the image content, which we will consider to
be known or can be well approximated from the test version of the image that
the attacker can acquire. The random part is contributed by the pseudo-random
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Figure 7.10: Receiver Operating Characteristics of the hypothesis testing problem.
The plots display the probability of correct decision (PD ) with respect to the
probability of false alarm (PF ). A greater the value of PD for the same PF indicates
more robustness. The original curve is shown on the left and the magnified version
is shown on the right.
numbers generated using the secret key. In our analysis, we model the output of
the feature extraction stage as random variables and find the degree of uncertainty
in terms of the differential entropy to arrive at the security metric [121]. In the
following sections, we present the security analysis for our proposed scheme, and
compare it with the results obtained for a number of representative prior work on
image hashing [42, 98, 138].

7.3.2

Analytic Expressions of the Security Metric for the
Proposed Schemes

In this part, we derive analytic expressions of the security metric for the proposed
schemes. In the proposed scheme−1, the randomness in the hash is introduced by
the variables {βρk ,i }, which are key-dependent pseudo-random numbers, normally
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distributed with mean m and variance σ 2 . The final hash can be considered as a
weighted summation of these Gaussian distributed random variables as shown in
(7.5), where the weights of the summation are determined by the image content and
known to the users. Since the sum of Gaussian random variables is also Gaussian,
the hash value hk will be Gaussian distributed with mean and variance given by
K−1
X  (2i + 1)π 
E(hk ) = m
I ′ ρk ,
,
(7.9)
K
i=0
K−1
X  (2i + 1)π  2
2
V ar(hk ) = σ
I ′ ρk ,
.
(7.10)
K
i=0
Therefore, the differential entropy of the feature extraction stage for the proposed
scheme−1 can be written as
1
ℵ(hk ) = log2
2

(2πe)σ 2

K−1
X
i=0


 2!
(2i
+
1)π
.
I ′ ρk ,
K

(7.11)

We observe that the differential entropy increases as the variance σ 2 becomes large
and the scheme becomes more secure as expected. Additionally, we note that the
differential entropy rises as the number of sample points K is increased. This is also
expected since a higher value of K implies that we involve more random numbers
for generating each hash value as shown in (7.5); and hence the hash would be
more difficult to forge.
Next, we derive the security metric for the proposed scheme−2. In this scheme,
we use the secret key to generate random sets of radii {Γk }, and the weights (βρ )
for the summation in (7.6). To facilitate discussions, we define qρ as the summation
of the polar Fourier transform coefficients at the radius ρ given by
K−1
X  (2i + 1)π 
qρ =
I ′ ρ,
.
K
i=0

(7.12)

The ρ values chosen for generating the hash are from Γρ = {ρ1 , ρ2 , . . . , ρN }. Let
λik be Bernoulli distributed random variables such that P (λik = 0) = P (λik =
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1) = 0.5. We rewrite (7.6) in terms of qρ and λik to obtain
hk =

N
X

λik βik qρi .

(7.13)

i=1

We observe that each hash value obtained is a weighted summation of N terms and
each of these terms is a product of a Bernoulli and a Gaussian distributed random
variable. Therefore, the hash value hk is not Gaussian. To find the differential
entropy of hk , we first find the probability density function (pdf) of hk using the
(7.13) and then use the pdf to find the entropy. To derive the pdf, we compute the
characteristic function of hk and apply its inverse Fourier transform [106]. It can
be shown that the pdf, fhk (x), has a rather complicated form with 2N terms and
is given by
N

1 1 X −
1
e
fhk (x) = N δ(x) + N √
2
2
2π i=1
1 1
+ N√
2
2π

N
X

−

e

(x−mqρi )2
2
2σ 2 qρ
i

N
N
1 1 XX −
e
+ N√
2
2π i1 =1 i2 =1

(x−m(qρi +qρi ))2
1
2
2 +q 2 )
2σ 2 (qρ
ρi
i1
2

i2 6=i1

))2

(x−m(qρi +qρi +qρi
2
1
3
2 +q 2 +q 2 )
2σ 2 (qρ
ρi
ρi
i1
2
3

i1 ,i2 ,i3 =1
i1 6=i2 6=i3

1 1 −
+ ...+ N √ e
2
2π

P
2
(x−m N
i=1 qρi )
P
2 )
2σ 2 ( N qρ
i=1 i

,

(7.14)
where δ(·) denotes the dirac delta function. We observe that the pdf of hk is a sum
of many Gaussian pdf’s and finding the exact expression for the differential entropy
by integrating (7.8) would not be feasible. We instead find the lower and upper
bounds of the differential entropy. Using the concavity property of the entropy, we
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arrive at a lower bound for the differential entropy
ℵ(hk ) ≥
+

+

N
N
N
1 XX 1
1 X1
2 2
log
(2πeσ
q
)
+
log2 (2πeσ 2 (qρ2i + qρ2i ))
2
ρi
1
2
2N i=1 2
2N i =1 i =1 2
1

N
X

1
2N +1
1
2N +1

2

i1 6=i2

log2 (2πeσ 2 (qρ2i + qρ2i + qρ2i )) + . . .
1

2

3

i1 ,i2 ,i3 =1
i1 6=i2 6=i3

log2

2πe

N
X
i=1

σ 2 qρ2i

!

.

(7.15)

This lower bound can be simplified using the following energy compaction property
of the Fourier transform. Without any loss of generality, we assume that the radii
are ordered as ρ1 < ρ2 < ρ3 < . . . < ρN . Now, since qρi is the summation of the
absolute values of the Fourier transform coefficients along the circumference of the
circle of radius ρi , we have
qρ1 ≥ qρ2 ≥ . . . ≥ qρN

(7.16)

for most natural images. Using this inequality, (7.15) can be simplified to give a
compact lower bound
ℵ(hk ) ≥

N
1 X N 
2N − 1
2 2
log
(2πe
σ
q
)
+
i log2 (i).
2
N
2N +1
2N i=1

(7.17)

Next, to derive the upper bound, we use the fact that the Gaussian distribution
has the maximum differential entropy among all distributions with the same variance. Moreover, the differential entropy of a Gaussian distributed random variable
depends only on its variance. Therefore, we obtain an upper bound on ℵ(hk ) by
finding variance of the hash values hk , from the pdf. in (7.14), to arrive at
!
 2
 N
1
σ
m2 X 2
ℵ(hk ) ≤ log2 (2πe)
+
q
.
(7.18)
2
2
4 j=1 ρj
In Figure 7.11, we show the derived lower and upper bounds along with the
actual value, for different number of sampling points (N). The true values were
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Figure 7.11: The entropy of the hash values for the proposed scheme−2 plotted
with respect to the number of sampling points N. The plots show the lower bound,
the upper bound and the actual value. The actual plot is shown on the left and
the magnified version is shown on the right.
obtained by numerically computing the differential entropy from the pdf. of the
hash values. We observe that the upper bound plotted using (7.18) is very tight
and is almost equal to the actual value. This is because the true pdf. of the hash
values is close to Gaussian with the same mean and variance as those used in the
upper bound calculation.

7.3.3

Extending the Security Evaluation to Other Image
Hashing Schemes

In this subsection, we show that the proposed security metric can be extended to
study the security of various classes of image hashing schemes and is thus generally
applicable. For our study, we consider two representative methods, namely, the
scheme by Fridrich et al. [42] and the hashing algorithm by Venkatesan et al. [138].
These schemes were chosen as they have very different approaches to introduce
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randomness in the feature extraction stage. For instance, the Fridrich’s scheme [42]
secures the hash by projecting the image onto random low-pass images; and the
Venkatesan’s scheme [138] introduces security by extracting image features from
randomly chosen regions of the image.
Security of Fridrich’s scheme [42]
This scheme is based on the observation that any significant change made in the
transform domain would be reflected as visible changes in the image domain. Keydependent pseudo-random patterns {X (r) }, of the same size of the image, are
initially generated. These patterns are then spatially averaged with a m × n lowpass filter {αij } to generate zero-mean smoothened random patterns [Y (r) ]kl . The
r th hash value hr is obtained by projecting the input image on to Y (r) , as given by
hr =

H X
W
X

(r)

Ykl Ikl .

(7.19)

k=1 l=1

To analyze the security of this scheme, we consider the hash values {hr } as random
variables and find their distributions. Using this estimated pdf, we compute the
differential entropy as
1
ℵ(hr ) ≈ log2
2

H

W

1 XX
(αα)
Ipq Ipq
2πe
12 p=1 q=1

!

.

(7.20)

Here, I (αα) is the image obtained by filtering I twice with the filter {αij }. The
details of the analysis is presented in Appendix I of this chapter.
Figure 7.12 shows the plot of the differential entropy of the Fridrich’s scheme for
different orders of averaging filter. We observe from the plot that the differential
entropy decreases as the order of the filter is increased. This result is expected
because on increasing the order of the averaging filter, the degree of uncertainty in
the smoothened patterns {Y (r) } decreases, as the original random images {X (r) }
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Figure 7.12: Differential entropy of the hash for different orders of averaging filters
in Fridrich’s scheme [42].
are low-pass filtered to a greater extent. Thus, the amount of randomness of the
final hash values reduce as a consequence.
Security of Venkatesan’s Scheme [138]
In this scheme, the authors first perform a 3-level DWT of the image and then a
random tiling of each DWT sub-band of the image is generated. The mean (or
variance) of the pixel values in the random rectangle is used to form the feature
vectors [138]. These features are then randomly quantized and compressed to
generate the hash.
There are two aspects of security in this scheme. To estimate the hash values,
the adversary has to first find the locations and sizes of the random partitions and
compute the image statistics in these partitions. Then, the adversary needs to
arrange the estimated hash values in the correct order to obtain the hash vector.
In our analysis, we consider these two aspects separately and obtain the differential
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entropy in each case.
We first show that the exact size and location of the random partitions is not
required to estimate the hash. The attacker can instead make an intelligent guess
of the image statistics by replacing the random partitions with uniformly spaced,
equal sized partitions. In [138], the width of the random partition is uniform
in [wmin , wmax ], where wmin and wmax are the minimum and maximum widths
of the random block. Therefore, a good estimate of the partition width would

max
. Similarly, the height is uniform in the
be its expected value Ew = wmin +w
2

max
range [hmin , hmax ] and its expected value is Eh = hmin +h
. The attacker can
2
calculate the image statistics using uniform size partitions of the size Ew × Eh

to obtain an estimate for the hash values. In Figure 7.13(a), we plot the actual
hash values, our estimates and the corresponding difference (i.e. the estimation
error). Here, the estimates are obtained by computing the statistics from the
closest uniform spaced partition. We note that the error has a much lower dynamic
range than the actual value even though the location and size of the estimated
partitions are not exactly the same as those used in hash generation. The amount
of randomness in the hash values can be characterized by the degree of uncertainty
in our estimation. Therefore, the differential entropy of the first aspect of security,
h(1) , can be numerically obtained by first finding the pdf of the estimation error
and then computing the entropy from the pdf For the Lena image, h(1) can be
numerically computed to be around 5.74. We also note that h(1) only characterizes
one aspect of randomness in the hash values. Therefore, the actual differential
entropy of the hash values ℵ(hk ) would be greater than h(1) .
The second aspect of the hash security that we consider here is the randomness
associated with the order in which the individual hash values are concatenated
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Figure 7.13: Security analysis results for Venkatesan’s scheme.
together while creating the hash vector. Here, we compare the true hash vectors generated using the randomized block partitions and the ones estimated using
uniform partitions and assume that both these hash vectors are obtained using a
raster-scan order of the partitioning blocks. It is to be noted that any further permutation of the hash can be factored into the post-processing stage which we shall
not consider here as indicated before. A good uniform partition that emulates the
randomized partition can be obtained as follows. We model the two-dimensional
randomized partitioning as a combination of first partitioning the input image
along the vertical direction into rows and then further partitioning each row into
blocks. Let M denote the number of rows and Ni denote the number of partitions
in the ith row. We can show that the expected value of M and Ni are
E(M) =

2H
2W
, E(Ni ) = E(N) =
∀1 ≤ i ≤ M
hmin + hmax
wmin + wmax
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(7.21)

The derivation is presented in Appendix II of this chapter.
Since, we use a uniform partition to approximate the randomized partition,
there will be synchronization errors in each row of the estimated partition. Let
us now denote the amount of synchronization errors in the nth row by Yn . The
synchronization error is cumulative and can be written as
Yn =

n
X
i=1

(Ni − mN ).

(7.22)

In order to facilitate combining the security analysis of the synchronization error
with the differential entropy h(1) derived for first security aspect, we provide a
continuous approximation of Yn and bound its maximum amount of uncertainty.
We note that among all continuous random variables with the same variance,
the Gaussian distribution has the maximum differential entropy; and that the
differential entropy is completely specified by the determinant of its correlation
matrix. So we construct a M × M correlation matrix RY for the set of random
variables {Y1 , Y2 , . . . , YM },
2
RY (i, j) = E(Yi Yj ) = min(i, j)σN
.

(7.23)

2
Here, σN
denotes the variance of Ni and can be computed from its probability mass

function (pmf) given in (7.38) of Appendix II of this chapter. It can be shown that
2M
|RY | = σN
. Therefore, using the Gaussian upper bound, the differential entropy

of the stage (h(2) ) considering the synchronization errors alone is given by
(2)

h



1
1
1
2
≤ log2 (2πeσN ) +
log2 1 +
.
2
2
2mM
12σN

(7.24)

In Figure 7.13(b), we show the plot of the upper bound as given by the RHS of
(7.24) for different values of wmin and wmax . We observe that the upper bound
2
heavily depends on the value of the variance σN
. For very small wmax , we have
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Table 7.4: Comparison of differential entropy of various hashing schemes shown
for three different images.
Hashing algorithm

Differential entropy
Lena

Baboon

Peppers

Proposed scheme−1

8.2 − 15.6

13.58 − 16.18

8.76 − 15.46

Proposed scheme−2

16.28

16.39

16.18

Fridrich’s scheme [42]

8.31

8.32

8.14

Venkatesan’s scheme [138]

5.74 − 11.48

5.96 − 11.70

5.65 − 11.39

Mihçak’s algorithm B [98]

8

8

8

2
σN
→ 0 and therefore h(2) → −∞, suggesting that the hashing algorithm becomes
2
insecure for low σN
. This result is expected because when wmax ≈ wmin , the

window widths and locations become approximately deterministic and the errors
caused by synchronization are small.
Overall, when an attacker replaces the random partitions by uniformly spaced
partitions to estimate the hash values, the two aspects of security will both contribute to the uncertainty of the hash algorithm. Thus, the final differential entropy
can be approximated by (h(1) + h(2) ).
The above analysis method can be generalized and extended to other hashing
schemes alike. For example, analysis can be applied to the hashing scheme by
Mihçak et al. [98], which also introduces security by the choice of random regions
in the image.

205

7.3.4

Comparison Results

In this subsection, we compare the security of image hashing schemes in terms
of the differential entropy as a metric. We compute the differential entropy of
the hash values on the Lena image for various schemes and present the results in
Table 7.4.
The differential entropy of the proposed scheme−1 lies in the range 8.2 − 15.6.
This is due to the fact that each hash value in the scheme−1 has different amount
of randomness based on the radius on which the summation in (7.5) is performed.
If the corresponding Fourier transform coefficients have a higher magnitude, then
the variance of the hash values would be larger. Thus some of the hash values
can be estimated easily, while it might be difficult to estimate some others. This
can be considered as one of the disadvantages of the proposed scheme−1. The
disadvantage is overcome in the proposed scheme−2 because the summation is
done over randomly chosen subsets and thus all the hash values would have a
similar amount of randomness. We note that the differential entropy of the feature
extraction stage of the proposed scheme−2 is higher than that of the scheme−1.
This is expected because in the proposed scheme−2, the random weights are scaled
by larger factors and thus the overall variance of the hash values would be higher
Next, we observe that the differential entropy of the proposed scheme−2 is
greater than that of Fridrich’s scheme. This can be attributed to the low-pass
filtering operations in Fridrich’s scheme that reduces the variance of the random
variables and hence its entropy. The differential entropy of Venkatesan’s scheme is
lower than those of proposed schemes. This is because, even without the knowledge
of the exact block partitions, the image statistics in Venkatesan’s scheme can be
estimated to reasonable accuracy. On the other hand, in the proposed schemes,
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the attackers need to guess the random variables in computing features (such as
βik ).
Notice that we only consider the security of the feature extraction stage in this
work. It should be noted that while random permutation or other techniques alike
can be applied to any scheme to bring further randomness, such post-processing
does not change the relative security results obtained in this work. If the type of
quantization and/or quantization step size employed by various schemes are not
identical, the gap between the security metric for these schemes may change and
can be further analyzed.

7.4
7.4.1

Discussions
Trade-off Between Robustness and Security

In this section, we jointly consider the two main performance criteria for image
hashing, namely, robustness and security. We observe a trade-off between the
two criteria for each hashing scheme and illustrate this phenomenon with some
examples.
In Figure 7.14(a), we show the trade-off between robustness and security for the
Fridrich’s scheme [42]. The scheme was simulated for different orders of averaging
filter; and the ROC and the differential entropy was obtained in each case. The
ROC was sampled to obtain the probabilities of correct decisions PD for three
different probabilities of false alarm PF , and plotted with respect to the differential
entropy. We observe that as the robustness increases, the scheme becomes less
secure and vice-versa. This trend is expected because on increasing the order of the
averaging filters, the patterns Y (r) become more smooth making the scheme more
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robust to content-preserving manipulations like the ones in Table 7.1. However,
the scheme becomes less secure because the smooth patterns Y (r) would be less
random.
Similar behavior can also be observed for the proposed scheme−2. The performance of the scheme was studied for different parameter values; and the ROC and
the differential entropy were obtained in each case. As shown in the Figure 7.14(b),
we observe that for a fixed PF , as we increase the variance of the random weights
βik , the differential entropy increases and the robustness decreases. However, it is
to be noted that proposed scheme exhibits a better trade-off compared to Fridrich’s
scheme. This is evident by comparing the X-axis of Figure 7.14(a) and (b). We
observe that proposed scheme−2 is more secure than the Fridrich’s scheme for the
same amount of robustness. This demonstrates the advantages of the proposed
scheme.
The robustness results in Figure 7.10 and the differential entropy values in Table 7.4 show that the proposed scheme−2 provides better tradeoff between robustness and security against guessing than the proposed scheme−1. This is attributed
to the fact that the circular summation along the θ-axis in proposed scheme−2 can
generate more robust features. In the mean time, we also remark that the circular
summation is a double-edged sword and may reduce the resilience against collision
and forgery attacks. It is possible for malicious attackers to perform meaningful
changes by altering individual values of the Fourier transform coefficients while
preserving the overall sum. In contrast, the proposed scheme−1 is more resilient
to such collision attacks, as the weights of the summation are random and depend
on a secret key unknown to adversaries. A possible improvement is to employ a
weighted circular summation with gradually changing weights, where the varying
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Robustness vs Security trade off for Fridrich’s scheme

Robustness vs Security trade off for Proposed Scheme−2
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Figure 7.14: Robustness and security trade-off for (a) Fridrich’s scheme (b) Proposed scheme−2.
trend of the weights is specified by a secret key. This hybrid scheme can combine
the advantages of the two proposed schemes, improving the collision resistance
compared to scheme−2 and also the robustness compared to scheme−1.

7.4.2

Extending the Security Analysis to Quantization Algorithms

We have shown that the differential entropy can be used as a metric to study the
security of the feature extraction stage in image hashing. In this section, we extend
the security analysis beyond the feature extraction stage and show that entropy
can be used as a metric to study the degree of security of the quantization stage
that follows feature extraction.
As an example, we consider the randomized quantization algorithm proposed
in [97], which is an adaptive quantization algorithm that takes into account the
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distribution of the input data. The quantization bins [∆i−1 , ∆i ] are designed so
R ∆i
that ∆i−1
pX (x)dx = Q1 , where Q is the number of quantization levels and pX (·)

is the pdf of the input data X. The central points {Ci} are defined so as to make
R Ci
R∆
1
p (x)dx = Ci i pX (x)dx = 2Q
; and the randomization interval [Ai , Bi ] are
∆i−1 X
R∆
RB
chosen such that Aii pX (x)dx = ∆ii pX (x)dx = Qr , where r ≤ 12 is a randomization
parameter. The overall quantization method can be expressed as

q(x) =




i−1





 i−1









w.p.

i

w.p.

1


i

w.p.

1

w.p.


Q
p
(t)dt
X
2r x
 R

x
Q
p
(t)dt
X
2r Ai
R Bi

if Ci ≤ x ≤ Ai ,
if Ai ≤ x ≤ Bi ,

(7.25)

if Ai ≤ x ≤ Bi ,
if Bi ≤ x ≤ Ci+1 .

We again use the conditional entropy ℵ(hk |I) as a security metric. Based on
the detailed derivation in Appendix III of this chapter, we can show that
H(q(X)|X) = r log2 (e),

(7.26)

which quantifies the amount of randomness introduced by the randomized quantization. We note that the conditional entropy is directly proportional on the
randomization parameter r, and is independent of the source distribution. Other
quantization algorithms can be analyzed similarly using conditional entropy as a
metric.

7.4.3

Further Discussions on Hash Security

In this work, we have considered the conditional entropy of the hash values as a
metric to study security. Our analysis is based on the premise that the adversary
knows the image and the hashing algorithm being used and does not know the key
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used in generating the hash. Therefore, in our analysis, the adversary does not have
access to the actual hash values and tries to estimate them based on his knowledge.
Alternatively, we can evaluate the security of a hashing scheme by measuring the
conditional entropy of the hashing key when the image, the hashing algorithm
and output hash values are known. This conditional entropy can be written as
ℵ(K|(I, h)), where K denotes the key, I the image, and h the corresponding hash
value. In reality, if more information is available to the adversary, he/she may be
able to come up with more sophisticated attacks to break the hashing algorithm.
In such a case, the conditional entropy of the key will reduce with the increase in
the number of observed image/hash pairs. Thus, ℵ(K|(I1 , h1 ), (I2 , h2 ), ...(In , hn ))
is a monotonically decreasing function with n. When n is large enough, it would
be possible to uniquely identify the key K with very high probability. This is
analogous to Shannon’s discussion on secrecy system and his definition of unicity
distance [118]. Along these lines, we may define another notion of hashing security
by requiring that the conditional entropy ℵ(K|(I1 , h1 ), (I2 , h2 ), ...(In , hn )) is not
negligible as long as the number of observed image/hash pairs, n, is upper bounded
by a polynomial in key length. We note that for image hashing and other types of
multimedia hashing, an adversary may not need to exactly recover the key in order
to estimate a hash. The estimation type of attack introduced in [116] is clearly an
example.

7.5

Chapter Summary

Robustness and security are two important requirements for image hashing algorithms in applications involving authentication, watermarking, and image databases.
In this chapter, we have developed a new image hashing schemes that has improved
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robustness and security features. We show that the proposed schemes is resilient
to moderate filtering, and compression operations, and common geometric operations up to 10 degrees of rotation and 20 percent of cropping. The proposed
hashing scheme also has good discriminative capabilities and can identify malicious manipulations, such as cut-and-paste type of editing, that do not preserve
the content of the image. In addition to the study on robustness, we have introduced a general framework for analyzing the security in image hashing. We derive
analytical expressions using differential entropy as a metric to study the security
of the feature extraction stage for both the proposed schemes and several existing
representative schemes. Our studies have shown that the proposed image hashing
algorithm is highly secure in terms of this metric. The analysis can also be extended to incorporate other stages of the hashing operation, such as randomized
quantization.
Overall, we developed a new image hashing algorithm. It is more robust compared to existing image hashing schemes, and at the same time, it is also secure
against estimation and forgery attacks. Thus, it can provide a robust and secure
representation of images for numerous applications.

Appendix: Details on Modeling and Derivations
Appendix I: Deriving the Security Metric for the
Fridrich’s scheme [42]
In Fridrich’s scheme, key-dependent pseudo-random patterns X (r) (r = 1, 2, . . . N)
of the same size of the input image are first generated. These pseudo-random
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patterns have uniform distributed pixel values. These patterns are then spatially
averaged with a m × n low-pass filter {αij } to obtain zero-mean random images
[Y (r) ]kl

m

(r)

Ykl =

n

⌊2⌋
X

i=−⌊ m
⌋
2

⌊2⌋
X

(r)

αij Xi+k,j+l.

(7.27)

j=−⌊ n
⌋
2

The input image I is projected on the N smooth patterns {Y (r) } to obtain the
intermediate hash values hr as given by
hr =

H X
W
X

(r)

Ykl Ikl .

(7.28)

k=1 l=1

These intermediate hash values are then quantized to generate the final hash. In
our analysis, we model the intermediate hash values hr as random variables and
find its differential entropy to generate the security metric. The hash values hr in
(7.28) can be rewritten as
n

m

hr =

⌊2⌋
X

i=−⌊ m
⌋
2

⌊2⌋
X

(r)

(7.29)

Xi+k,j+lIkl .

(7.30)

αij Vij ,

j=−⌊ n
⌋
2

(r)

where the random variables Vij are defined as
(r)

Vij =

H X
W
X

(r)

k=1 l=1

(r)

We observe that Vij

is a weighted sum of W × H uniformly distributed ran-

(r)

dom variables {Xij } with the weights determined by the image pixel values (Ikl ).
(r)

According to the Central Limit Theorem, we approximate Vij
(r)

2(r)

distributed, with mean mij and variance σij
(r)

mij

2(r)
σij

(r)

= E(Vij ) =
1
=
12

1
2

H X
W
X
k=1 l=1
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to be Gaussian

that can be shown to be
!
H X
W
X
Ikl ,
k=1 l=1

2
Ikl

!

.

(7.31)

(r)

We also note that all {Vij } are identically distributed, but are not independent
(r)

(r)

since the same random variables {Xij } are used to generate various Vij . The de(r)

pendence among the variables {Vij } can be expressed in terms of their correlation
given by
H W
1 XX
(r) (r)
E(Vij Vab ) =
Ikl Ii+k−a,j+l−b +
12 k=1 l=1

H W
1 XX

2

k=1 l=1

Ikl

!2

.

(7.32)

Now, from (7.29), we see that hr is a weighted sum of m × n Gaussian distributed
random variables. So hr is also Gaussian and its differential entropy is completely
specified by its variance. The variance of hr can be computed as
σh2r = E(h2r ) − m2hr
2
 m
⌊n
⌋
⌊2⌋
2
X X
(r)
αij Vij −
= E
⌋ j=−⌊ n
⌋
i=−⌊ m
2
2

H

W

1 XX
(αα)
=
Ipq Ipq
,
12 p=1 q=1
m

(αα)
Ipq

=

⌊2⌋
X

H

W

1 XX
Ikl
2 k=1 l=1

!2

where

(7.33)

αij αkl Ii+p−k,j+q−l.

(7.34)

n

⌊2⌋
X

i,k=−⌊ m
⌋ j,l=−⌊ n
⌋
2
2

Note that I (αα) is the image obtained by filtering I the image twice with the filter
{αij }. Using the result in (7.33), we obtain the differential entropy of hr as
!
H X
W
X
1
1
(αα)
ℵ(hr ) ≈ log2 2πe
Ipq Ipq
.
(7.35)
2
12 p=1 q=1

Appendix II: Model for Block partitioning in Venkatesan’s scheme [138]
As indicated in Section 7.3.3, we approximate the 2-D block partitioning as a combination of two 1-D problems, namely, partitioning along the horizontal direction
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and then along the vertical direction. To model the partition along the width of
the image, we divide the space (0, W ) into several regions by successively generating random numbers {Uk } as shown in Figure 7.15, uniformly distributed in
[wmin , wmax ], and wmin and wmax are the minimum and the maximum widths of the
random blocks. The location of the nth partition is then given by a set of random
P
variables Tn , where Tn = nk=1 Uk . Since Tn is the sum of n uniformly distributed
random variables, we approximate Tn with a Gaussian distribution. Its mean mTn
and variance σT2n can be shown to be
mTn =

n
n
(wmin + wmax ), σT2n = (wmax − wmin )2 .
2
12

(7.36)

Let Ni denote the number of partitions in the ith row. Using the distribution of
Tn and noting that Ni is also the index for the last partition in the row, we can
write the pmf of Ni as
P (Ni = n) = P r (Tn < W < Tn+1 ) = P r (max(W − Tn , wmin ) < Un+1 < wmax )
Z W −wmin
=
P (W − t < Un+1 < wmax )fTn (t) dt
W −wmax
W

+

Z

P (wmin < Un+1 < wmax )fTn (t) dt,

(7.37)

W −wmin

where fTn (·) is the pdf of Tn . Using the Gaussian assumption on Tn , the above
expression can be simplified as


(W − wmax − mTn )2
exp −
P (Ni = n) = √
2σT2n
2π(wmax − wmin )


σn
(W − wmin − mTn )2
− √
exp −
2σT2n
2π(wmax − wmin )
wmax + mTn − W
+
(FTn (W − wmin ) − FTn (W − wmax ))
wmax − wmin
σn

+ (FTn (W ) − FTn (W − wmin )),
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(7.38)

Figure 7.15: Simplified model of the block partitioning algorithm in Venkatesan’s
scheme [138]
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Figure 7.16: The plot of the pmf of Ni −the number of blocks in ith row, where
the parameters are wmin = 10, wmax = 40, and W = 512. Note that the random
variable Ni has a very small variance and hence the mean would be a good estimate.
where FTn (x) is the cumulative distribution function (cdf) of Tn , and is given by
1
FTn (x) = √
2π

Z



x−mT
n
σT
n

−∞



 2
z
dz.
exp −
2

(7.39)

The plot of the pmf of Ni is shown in Figure 7.16. From this pmf, we can derive
the expected value of Ni as E(Ni ) =

2W
.
wmin +wmax
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Appendix III: Deriving the Security Metric for
Randomized Quantization [97]
In this appendix, we provide the detailed derivations of the conditional entropy for
the randomized quantization algorithm [97]. The conditional entropy H(q(X)|X)
can be written as
Z

H(q(X)|X) =

H(q(X)|X = x)pX (x)dx

x∈ℜ
Q Z Ci+1
X

=

i=1
Q

Ci

i=1

Ai

XZ

=

H(q(X)|X = x)pX (x)dx

Bi

H(q(X)|X = x)pX (x)dx,

(7.40)

where pX (·) denotes the pdf of the input data X. The last step follows from (7.25)
since the quantizer q(X) is random only in the interval Ai ≤ x ≤ Bi . Now, we note
Q
that in this interval, q(X) takes a value i with probability pi = (PX (x)−PX (Ai )) 2r
,

and a value (i − 1) with probability (1 − pi ). Therefore, (7.40) can be calculated
and simplified as
H(q(X)|X) = −

Q Z
X
i=1

Bi
Ai

(pi log2 (pi ) + (1 − pi ) log2 (1 − pi ))pX (x)dx

= r log2 (e).

(7.41)
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Chapter 8
Conclusions and Future
Perspectives
In this dissertation, we have introduced two new frameworks for forensic analysis
of digital camera images based on intrinsic and extrinsic fingerprints.
We consider the problem of component forensics and propose a set of forensic
signal processing techniques based on intrinsic fingerprinting to identify the algorithms and parameters employed in the individual processing modules of digital
devices. We particularly focus on digital cameras for this dissertation and propose
a non-intrusive methodology to estimate the parameters of camera’s color filter
array and color interpolation modules; these parameters form the intrinsic fingerprint traces of the digital camera. We show through detailed simulations with 19
camera models of nine different brands that the proposed algorithms can authenticate the source camera and identify the exact brand with 90% accuracy. Our
analysis also suggests that there is a considerable degree of similarity within the
cameras of the same brand and some level of resemblance among cameras from
different manufacturers.
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Building upon component forensics, we introduce a new formulation to study
the problem of image authenticity. The proposed formulation is based on the
observation that each in-camera and post-camera processing operation leave some
distinct intrinsic fingerprint traces on the final image. Using appropriate models,
we present techniques to estimate the in-camera component parameters and the
linear shift-invariant approximation of the post-camera manipulations. We show
that evidence obtained from such forensic analysis is used to build a forensic testbed
to identify the image acquisition source (whether the image was captured using
a camera, cell phone camera, scanner, or generated via computer graphics?), the
brand and model of the imaging device, and to determine if there has been any
post-device processing such as tampering or steganographic embedding. Overall,
our proposed techniques provides a common framework for a broad range of forensic
analysis on digital images.
We then present a generalized theoretical analysis to gain a concrete understanding about component forensics and to answer a number of fundamental questions related to what processing operations can and cannot be identified and under what conditions. We define formal notions of classifiability of components and
present bounds on parameter estimation accuracies. Developing upon notions from
the theoretical analysis, we present techniques for robustly estimating the component parameters via semi non-intrusive forensics. We believe that such component
forensic analysis would provide a great source of information for patent infringement cases, intellectual property rights management, and technology evolution
studies for digital media and push the frontiers of multimedia forensics to gain a
deeper understanding of information processing chain.
While the presented component forensics and intrinsic fingerprinting techniques
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can be employed to determine the source and the authenticity of images just based
on the output data, their accuracies are limited by theoretical performance bounds.
Extrinsic fingerprinting helps bridge the performance gap by employing external
signals, added to the image after capture, to establish the authenticity of the image.
In this dissertation, we design a new content-based image authentication scheme
based on image hashing and show that the proposed scheme is collision-resistant,
robust to common signal processing operations, and secure against estimation and
forgery attacks. Combined with intrinsic fingerprint techniques, extrinsic fingerprinting provides a universal framework for digital image forensics for a wide range
of applications.
The main contributions of the thesis are as follows:
• Introduced component forensics as a new methodology for multimedia forensics, aiming at identifying algorithms and parameters in each component of
an information processing chain.
• Proposed algorithms to non-intrusively estimate the parameters of in-camera
components such as the color filter array and the color interpolation based
solely on the output data.
• Applied the estimated in-camera parameters for several forensic tasks, including camera identification and technology infringement/licensing forensics, and to design a universal framework for image acquisition forensics.
• Introduced methods to detect post-camera processing operations by modeling
them as a linear shift invariant system and casting the problem into a blind
deconvolution framework; and showed that the estimated manipulation filter
coefficients can efficiently differentiate between processed images and direct
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camera outputs.
• Developed a new theoretical framework for multimedia forensics based on
estimation and pattern classification theories. This is the first work in literature to look into theoretical analysis of multimedia forensics.
• Introduced the concept of semi non-intrusive forensics and devised methods
to design optimal inputs for semi non-intrusive forensics.
• Presented a new robust and secure hash as an extrinsic fingerprint and
showed that the proposed hash is resilient to geometric and filtering operations in images.
• Introduced a systematic evaluation of the security of image hash functions
and demonstrated the trade-offs between robustness and security in several
hashing schemes.
Based on the study of this dissertation, there are several aspects of multimedia
forensics that can be further explored. In our work, we have mainly focussed on
digital cameras. However, the fundamental principles of intrinsic fingerprinting and
component forensics can be widely applicable to a range of other imaging devices
such as scanners, cell phone cameras, and video recorders; and display devices
including projectors and Liquid Crystal Display (LCD) screens. In our recent work,
we have extended the forensic methodology beyond cameras and employed it for cell
phone cameras [94] and with image scanners [54,55] with very encouraging results.
A promising next step is to go beyond still images and apply the analysis to digital
video data. Video brings in several additional challenges due to its time domain
features. Therefore, a more sophisticated imaging model incorporating the effects
of time domain would be necessary to perform forensic analysis of video. The time
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domain also allows for better attacks and more possibilities for the attackers, and
it would be interesting to design and introduce methods for component forensics
of digital video that would be robust to improved and more targeted attacks.
The research on component forensics and intrinsic fingerprinting presented in
this thesis can also be applicable to a number of interesting problems from communications and networking to biology and web design. For instance, transmitting
data from the sender to the receiver involves a series of processing operations that
include source coding, channel coding, message modulation onto a carrier signal,
physical transmission over a channel (wireline or wireless), demodulation, and decoding. Forensic analysis on the various components of the information processing
chain, to estimate the parameters such components as source coding, channel coding, the message modulation scheme, and the channel parameters, just based on
the received signal can help identify the nature of the source and further help establish the integrity of the message. The proposed theoretical framework can also
be extended to other applications such as to analyze biological processes.
In this thesis, we have examined both intrinsic and extrinsic fingerprint approaches for multimedia forensics and demonstrated the applicability, advantages,
and drawbacks of these frameworks. A natural extension of this work is to examine a joint intrinsic-extrinsic framework for forensic analysis that can combine the
advantages of the two frameworks. One step in this direction is to design forensic hashes. Just as the image hash is a content-based compact representation of
an image with applications in image authentication, the forensic hash is a short
representation of the data focussed on gaining a better understanding of the information processing chain to answer forensic questions regarding how an image was
generated; from where an image was from; what has been done on the image since
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its creation, by whom, when and how. The forensic hash can be designed to be an
intrinsic device-specific fingerprint or an extrinsic fingerprint that is added to the
image at the time of capture. This new hash can then be employed to identify the
tell-tale clues about the various processing operations that the image/video has
gone through. It would be interesting to examine the design and performance of
these joint fingerprints for various forensic tasks.
————————————————————————–
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