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Abstract

Image fusion technique is a popular technique to extract scene information by combining
complementary information from pre-registered captured images. Image fusion has many
applications like remote sensing, medical imaging, surveillance and photography.
Present work has proposed fusion techniques in the field of photography. In photography,
captured images suffered from low depth of field (DoF) and lack of dynamic range. We

have tried to address both the issues.

The fusion can be performed in spatial domain or transform domain. In spatial domain
direct operation is performed on images in order to extract complementary information
whereas in transform domain, images are first converted to transformed images for
processing and then converted back to synthesize fused image. Both techniques have

their positives and negatives.

Evaluation of fusion technique is also become important in order to evaluate the quality
and to compare with stat-of-the-art techniques. Two type of evaluation techniques are
available; subjective and objective evaluation. In subjective evaluation, group of trained
peoples observe the image and rate them on given scale. Whereas in objective evaluation,
mathematics based technique are used to test the quality. In subjective evaluation,
different people have different views which sometime affect the rating of quality image.

Therefore objective evaluation gives more concrete results.

We have proposed three spatial domain fusion techniques by using filters. Three different
spaces, block, feature and regions, are explored to increase depth of field and dynamic
range. In block based technique, all pre-registered and captured images are splitted into
local and global layers by using Neighbor distance filter. Local layer is processed with
block based fusion whereas global layer is combined as weighted sum. Finally combined
local and global layer are combined to synthesize fused image. It addressed both low

depth of field as well as lack of dynamic range.

In feature based technique, combination of recursive and Gaussian filter separates three
features, constant, low varying and high varying features, from pre-registered and
captured images. These features are processed separately for features with high activity
level and further combined together to synthesize fused image. In region based technique,

pre-registered and captured images are splitted into frequency and base layer by using



recursive filter. The scene is divided into three regions based on intensity of captured
images. The frequency layer is processed with region based fusion by using defined three
regions, whereas base layer is combined as weighted sum. Finally fused image is
synthesize by using processed frequency and base layer. Both feature and region based

techniques addressed lack of dynamic range.

The proposed techniques are tested on randomly selected standard data set. Objective
evaluation based on probability, edges transfer are used to evaluate the quality of

proposed techniques and compared with state-of-the-art techniques.



CONTENTS

CERTIFICATE i
ACKNOWLEDGEMENT ii
ABSTRACT iii
CONTENTS v
LIST OF FIGURES viii
LIST OF TABLES X
ACRNOYMS xi
Chapter 1: Introduction 1
1.1 Camera 1
1.1.1 Classification 2
1.1.2  Features of Digital Camera 3
1.1.3  Fusion 4
1.2 Multi-focus Image Fusion 5
1.3 Multi-exposure Image Fusion 8
1.4  Applications 10
1.4.1 Remote Sensing 10
1.4.2 Medical Imaging 11
1.4.3 Surveillance 12
1.4.4 Photography 12
Chapter 2: Literature Survey 13
2.1 Multi-focus Image Fusion 13
2.1.1 Spatial domain 13
2.1.2 Transform domain 15
2.2 Multi-exposure Image Fusion 24
2.2.1 Spatial domain 24
2.2.2  Transform domain 25
23 Challenges in Image Fusion 29
Chapter 3: Quality Indices (Image Fidelity) 30
3.1 Subjective Evaluation 30



3.2

Objective Evaluation

3.2.1 Reference based evaluation indices
3.2.1.1 Mean Square and Root Mean Square Error
3.2.1.2 Peak Signal to Noise Ratio
3.2.1.3 Standard Deviation

3.2.2 Non-reference based evaluation indices
3.2.2.1 Mutual Information
3.2.2.2 Normalised Mutual Information
3.2.2.3 Edge base Similarity Index
3.2.2.4 Structure similarity based metric
3.2.2.5 Entropy
3.2.2.6 Average Gradient
3.2.2.7 Visual Information Fidelity for Fusion
3.2.2.8 Standard Deviation

Chapter 4: Block based fusion for depth of field and dynamic range

4.1
4.2

4.3

4.4
4.5
4.6
4.7
4.8

Introduction

Local and Global layer

4.2.1 Neighbour Distance Filter

4.2.2 Frequency Component Extraction and Layer Construction
Fusion of Local layer

4.3.1 Block based fusion: Multi-focus
4.3.2 Block based fusion: Multi-exposure
4.3.3 Spatial Frequency

4.3.4 Exposedness

Fusion of Global layer

Fused Image

Grey and Coloured Source Images
Algorithm

Result and Analysis

4.8.1 Multi-focus Image Fusion

4.8.2 Multi-exposure Image Fusion

4.8.3 Controlling parameter M

Chapter 5: Feature based fusion for dynamic range

Vi

30
32
32
32
33
33
33
34
34
35
35
35
36
36

37
37
37
37
39
40
41
42
43
43
44
44
45
46
47
48
54
57

59



5.1 Introduction

5.2 Disintegration of image into three features
53 Fusion of high and low varying feature images

5.4  Fusion of constant feature images

5.5 Fused image

5.6 Grey and Colour source images

5.7  Algorithm
5.8  Result and Analysis
5.8.1 Parameter selection

5.8.2 Experiment results

Chapter 6: Region based multi-exposure image fusion

6.1 Introduction

6.2  Division of scene into regions

6.3 Frequency and base layer

64 Dense SIFT

6.4.1 Activity measurement of regions

6.5  Fusion of frequency layer
6.6  Fusion of base layer
6.7  Fused image
6.8  Algorithm
6.9  Result and analysis
6.9.1 Parameter selection

6.9.2 Experimental results

Chapter 7: Conclusion and Future Work
7.1 Conclusion

7.2 Future work

REFERENCES
LIST OF PUBLICATIONS

ANNEXURE 1

vii

59
60
61
62
64
64
65
67
68
71

77
77
71
80
82
83
83
84
85
85
87
88
88

98
98
99

100

109

110



LIST OF FIGURES

Figure 1.1
Figure 1.2
Figure 1.3
Figure 1.4
Figure 1.5
Figure 1.6
Figure 1.7
Figure 1.8
Figure 1.9
Figure 1.10
Figure 1.11
Figure 1.12
Figure 4.1
Figure 4.2
Figure 4.3
Figure 4.4
Figure 4.5
Figure 4.6
Figure 4.7
Figure 4.8
Figure 4.9
Figure 4.10
Figure 4.11
Figure 4.12
Figure 4.13
Figure 4.14
Figure 4.15

Figure 4.16
Figure 5.1
Figure 5.2
Figure 5.3

Camera with labels
Compact camera

DSLR camera

Geometric optic model, circle of confusion

Geometric optic model, depth of field

Source images ‘Pepsi’

Full aperture, narrow aperture

Multi-exposure and tone-mapping

Source images ‘Landscape’
Remote sensing

Medical Imaging
Surveillance

Oriented distance

Splitting of source image into low and high frequency images
High frequency images to local layer

Flow chart of proposed method

Source images ‘Boy’ and fused image
Source images ‘Circuit’ and fused image
Source images ‘Pepsi’ and fused image
Source images ‘Disk’ and fused image
Source images ‘Building’ and fused image
Source images ‘Grass’ and fused image
Bar graphs corresponding to Table 4.2
Source images ‘Pond’ and fused image
Source images ‘Cathedral’ and fused image
Source images ‘Garden’ and fused image

Bar graphs corresponding to Table 4.3

AB

Q F vs number of high frequency images

Source images ‘Garden’

Flow diagram for tone mapping and multi-exposure image fusion

Proposed flow diagram to extract high varying, low varying

and constant components

viii

O o0 9 9 N W W DN

[V, NV NV, IV, BV, I R R R R U ) N N N N S N e
N N D W NN == = 0N OO 0N = = O

58
59

61



Figure 5.4
Figure 5.5
Figure 5.6
Figure 5.7
Figure 5.8
Figure 5.9
Figure 5.10
Figure 5.11
Figure 5.12
Figure 5.13
Figure 5.14
Figure 5.15
Figure 5.16
Figure 5.17
Figure 6.1
Figure 6.2
Figure 6.3
Figure 6.4
Figure 6.5
Figure 6.6
Figure 6.7
Figure 6.8
Figure 6.9
Figure 6.10
Figure 6.11
Figure 6.12
Figure 6.13
Figure 6.14
Figure 6.15
Figure 6.16
Figure 6.17

Weights and fused image

Graphs for images

Graph-1 for image ‘mountain’ and ‘kluki’
Graph-2 for image ‘mountain’ and ‘kluki’
Image ‘Garden’ and fused images

Image ‘Building2’ and fused images
Image ‘Garage’ and fused images

Image ‘Landscape’ and fused images
Image ‘Pond’ and fused images

Image ‘Cabin’ and fused images

Image ‘Estate’ and fused images

Image ‘Venice’ and fused images

Image ‘Cave’ and fused images

Image ‘Kluki’ and fused images

Three regions represented by white pixels
Frequency and base layer

Flow of algorithm

Image ‘Garden’ and fused images

Image ‘Gasmire’ and fused images
Image ‘Estate’ and fused images

Image ‘Cabin’ and fused images

Image ‘Cave’ and fused images

Image ‘Lighthouse’ and fused images
Image ‘Landscape’ and fused images
Image ‘Sunset’ and fused images

Image ‘Building2’ and fused images
Image ‘Garage’ and fused images

Image ‘Pond’ and fused images

Image ‘Tumski’ and fused images

Image ‘Kluki’ and fused images

Image ‘Mountains’ and fused images

63
70
71
71
72
72
73
73
73
74
74
74
75
75
80
82
87
&9
&9
90
90
91
91
92
92
93
93
94
94
95
95




LIST OF TABLES

Table 3.1
Table 3.2
Table 4.1
Table 4.2
Table 4.3
Table 5.1
Table 6.1

Image Goodness Scales

Impairment Scales

Comparison chart for varying block sizes

Comparison chart on quality indices for multi-focus fusion
Comparison chart on quality indices for multi-exposure fusion
Comparison chart on quality indices for feature based fusion

Comparison chart on quality indices for region based fusion

31
31
49
50
56
76
96




ACRNOYMS

CCD
CRF
DoF
EF
HDR
LDR
MI
MSE
MRI
MGA
MF
NDFM
NMI
ND
PSNR
RMSE
RF
SLR
SSIM
SIFT
VIFF

Charge Coupled Device

Camera Response Function

Depth of Field

Exposure Fusion

High Dynamic Range

Low Dynamic Range

Mutual Information

Mean Square Error

Magnetic Resonance Imaging
Multi-scale Geometric

Median Filter

Normalize Difference in Focus Measure
Normalized Mutual Information
Neighbor Distance

Peak Signal to Noise Ratio

Root Mean Square Error
Recursive Filter

Single Lens Reflex

Structure Similarity based Metric
Scale Invariant Feature Transform

Visual Information Fidelity for Fusion

Xi



Chapter — 1

Introduction

Digital image processing is a process of performing various operations on digital images.
The processes, like noise reduction, enhancement, segmentation etc. allow to extract
attributes from a digital image up to, and including, the recognition of individual objects
[1].

An image may be defined as two dimensional function I(p, q), where (p, q) represents
the co-ordinates. The value of I(.), at any pair of co-ordinates, gives the intensity at that
location. The function I(.) is called as digital image, and each element is called as pixel

or pel [1-2].

An image is captured by optical device called camera. Traditional camera uses
photographic film to capture the reflected light of scene. Whereas digital cameras use
electronic sensor, like charge coupled device (CCD) or CMOS sensor to capture reflected
light. Broadly digital camera are of two types: compact and single lens reflex (SLR)

camera.

The advancement in VLSI technologies has made possible to design very powerful
central processing unit (CPU) to allow the processing of digital image with an ease. The
smaller size and yet powerful CPU leads to development of affordable smart phones with
integrated low dynamic range camera (LDR). Smartphones, now a days in the hand of

almost every person, makes the images and its processing an inevitable part of their life.

1.1 Camera

A camera is an optical device to capture the photons reflected from the subject and fall
on photographic film or electronic sensor. The photons pass through lens system which
focuses it on to sensor. The information recorded on sensors is known as image. Apart
from the basic function of recording an image some additional features are also provided

in the camera:

e View-finder
e Control of exposure time

e Focus or un-focus of desired section



Fig. (1.1), shows the image of typical camera and its related functions [92]. The outer
part of camera, which holds the capturing mechanism, is known as camera body. The
capturing mechanism includes viewfinder, shutter release, data display, which helps the
photographer to capture more suitable image. The front shows the lens system including
aperture to identify focused or unfocused section. The central part shows the electronic

sensor (cross-section) which records the image.

Viewfinder

Lens

Elements
Shutter '
release

Electronic
sensor

Aperture

Fig. 1.1 Camera with labels
1.1.1 Classification

Camera can be classify into two categories based on sensor used to record an image;

traditional and digital camera. Mostly digital camera is in use now a days.

Digital camera is further classified into two categories: compact camera and single lens
reflex (SLR) camera. Compact camera is small, lightweight and inexpensive, refer Fig.
(1.2) [93]. They are usually come with standard and automatic settings. It will select
appropriate exposure automatically. The cameras like zoom compact camera and
advanced compact camera from the family of compact camera has feature of zooming,
manual selection of focus and exposure. These feature also increases the cost

proportionally.



Fig. 1.2 Compact Camera

SLR cameras are professional cameras, refer Fig. (1.3) [94]. They are larger, heavier and
costlier than compact camera. They offer interchangeable lens, zooming feature and
variety of manual settings. The cost is a concern with SLR cameras as compared to

compact camera.

Fig. 1.3 DSLR Camera

1.1.2Features of Digital Camera
A typical digital camera has many features, which influence the image quality. These

features are discussed briefly in the following section

(i) Shutter speed: The shutter opening and closing of the camera allows the exposure of
sensor to the incoming light. Speed of shutter decides the time for which the sensor is
exposed to incoming light. The time is defined as exposure time and inversely

proportional to shutter speed.



Shutter speed correlates amount of light and exposure time in 1:1 ratio. For example,

amount of light entering doubles with double in exposure time.

(ii) Aperture: The aperture controls the amount of light enters into the camera through
the lens by controlling its area. Larger aperture allows more amount of light and vice-

versa.

It is specified as f-stop value, e.g. f/2.8. The increase in value of f-stop decreases the area
of aperture. For same exposure, with the decrease in f-stop value to half (/2.8 to f/1.4),

results in increase in amount of light by four times.

(iii) ISO: ISO determines the sensitivity of camera to the incoming light. High ISO
increases the sensitivity whereas low ISO decreases it. However low ISO is
recommendable for normal use since high ISO besides increasing the sensitivity also

increases the image noise.

(iv) Camera Lens: A camera lens is an optical lens which collects the light reflected
from the subject and pass on to camera sensor. The light while passing through the lenses
get converge in between the lens system followed by absorbing by sensor. The
converging point of light is known as nodal point. The distance between the nodal point

and sensor is known as focal length.

The camera lenses are classified into two major categories: Prime and Zoom lenses.
Prime lenses have fixed focal length whereas Zoom lenses have varying focal length.
Another classification based on focal length is wide angle lenses and telephoto lenses.
Wide angle lenses have short focal length whereas telephoto lenses have long focal

length.

The camera lenses of compact camera are mostly prime lenses, however some cameras
have limited zoom lens capability. On the other hand SLR camera have very rich features
in terms of shutter speed, ISO speed, aperture and zoom lenses. These rich features in
SLR camera also increases the cost. SLR with full of features comes with higher cost and

out of average person’s range.

1.1.3Fusion

The compact camera, also defined as LDR camera, is capable of capturing low dynamic

range (LDR) images. These images are not able to capture all-inclusive details of scene



due to limited focal capabilities of camera. The effects on captured images are many, like
lack of focus or lack of exposure. One way to capture all details of scene into an image
is by using HDR camera (SLR camera), but cost of camera limits its use. The other
solution is fusion of images. Fusion is a process of combining data collected from
different sources into more informative data. Example, Infrared and visual data, RADAR

and SONAR [4].

With respect to image fusion, it is defined as a process of combining the complementary
information from multiple images into single image. Multiple images are captured by

using different sensors or by using different settings of camera.

Image fusion is classified, based on types of sources and image capturing conditions, as

[32]

a) Multi-modal/Multi-sensor fusion: It fuses the images captured with different

sensors, e.g. fusion of infrared and visible image of same scene.

b) Multi-view fusion: It fuses the captured images with different view point. It is

useful for partial opaque scenes to improve image quality.

c) Multi-exposure fusion: It fuses differently exposed images, e.g. under and over
exposed images are fused together. Shutter speed is utilized to vary exposure

time.

d) Multi-focus fusion: It fuses the captured images with different focused sections,
e.g. near and far focused images are fused together. Camera lens is responsible
feature for capturing images with different focused sections. Aperture size and

object distance also affects focused sections.

The proposed work has focused on multi-exposure and multi-focus image fusion. The

following sections explains the basics of these two fusion methods.

1.2 Multi-focus Image Fusion

A camera captures image of scene by passing reflected light from scene (subject) to film
plane through lens. The quality of subject image, created on film, is largely dependent
on lens. If the distance between lens and film plane is appropriate then the quality of
object image would be sharper otherwise it become blurry and underlying information is

lost. So, on one hand lens helps to capture image, whereas on the other hand it become

5



responsible to blur the image. The mechanism of sharpening one section and blurring

other section of image is defined as Depth of Field.

The depth of field (DoF) of digital camera depends on geometrical optical model of the
camera. In camera, for certain distance between subject and lens, subject image created
on plane is sharply focused and other distances are blurred. Fig. (1.4) shows the
geometric optical model of image formation [95]. The three dots white (‘B’), yellow
(‘A’) and brown (‘C’) represent three subjects and white (‘b”), yellow (‘a’) and brown
(‘c’) are the corresponding subject images on the image plane. The distance for subject
‘A’ is selected such that image “a” is sharply focused and image formed exactly on the
image plane. The subject ‘B’ and ‘C’ are at larger and smaller distance and results in
image formation in front and behind the image plane. These images are less focused as
compare to “a”. The position of images “b” and “c” on image plane is a circle and called
as circle of confusion. The distance of dots ‘B’, ‘C’ increases from dot ‘A’, increases the
circle of confusion and thus blurriness. The distance from “a” on the image plane up to
which the sharpness is acceptable is known as depth of field (DoF). Fig (1.5) shows the
range of object distance over which sharpness (Ad; gcceptabie) 18 acceptable on sensor

(film plane) [96]. The tip of the arrow represents the dot in Fig (1.5). One would like to

capture an image with large depth of field.

Lens Fi!n_l Plane

Focal Point |

I‘ Circle of Confusion
a1 ~aF S

Circle of Confusion

Fig. 1.4 Geometric Optic Model, circle of confusion
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Fig. 1.5 Geometric Optic Model, depth of field

An image captured by LDR camera usually suffers from low DoF. It results in loss of
information (due to blurriness) in various parts of image. One can use HDR camera to
capture image with large DoF. The high cost of HDR camera limits its use to most of the

people. The other solution is multi-focus image fusion.

All captured images, collects underlying information of scene with different and limited
DoF. The limited DoF results in sharper as well as blurred sections. The sharper section
is termed as focused and blurred section is termed as unfocused section. The fusion
process collects focused sections from respective captured images and combined together
to construct fused image. The constructed fused image has larger depth of field as
compare to captured images. The process of fusion thus helps to increase the DoF of

image without using HDR camera.

(@) (b) (©)

Fig. 1.6 Source images ‘Pepsi’ a. left focused, b. right focused, c. fused image

Fig. (1.6) [102] represents source images with Fig. (1.6(a)) has left focused sections, Fig.
(1.6(b)) has right focused sections and Fig. (1.6(c)) is fusion of Fig. (1.6(a)-(b)). Clearly
fused image has better focused area or high depth of field.
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Fig. 1.7 Top: Full aperture, Bottom: Narrow aperture

Aperture and object distance are other two parameters which also affect the depth of
field. Aperture controls the amount of light passing through the lens by changing its
shape. The shrink in size of aperture narrows down the light entering into the camera and
results in increase in DoF. The reverse is true for increasing the aperture size. Fig. (1.7)
represent two positions of aperture; top figure represent the full aperture, bottom figure
represent the narrow aperture [97]. Similarly, it is observed that increase in object

distance from lens increases the depth of field.

1.3 Multi-exposure Image Fusion

Human can perceived scene luminance from 107 to 10° cd/m?, whereas the dynamic
range of LDR camera is 30 to 10*> cd/m?; i.e. human will be able to perceive loss of

information in captured images.

An image is captured by collecting reflected light of scene by camera sensor. The light
passes through shutter of camera before striking on to sensor. The time for which shutter
remain open, plays important role in transferring information of scene to image. If the
shutter speed is high, it gives less time (exposure time) to capture the details whereas
lower speed gives more time to capture the details. Short exposure time allows camera
to collect details present in brighter section and large exposure time allows in darker
section. In both cases, there is a possibility that complete details may not be captured.

Fig. (1.9(a-c)) represent captured images by LDR camera in increasing exposure time.



The immediate solution is to use high dynamic range (HDR) camera to capture the detail
of scene, but find limited use due to expense involved. Our challenge is to develop

methods or algorithms to combine the details in one picture.

One way to combine details of multiple images is with two stage HDR-tone mapping
process. At first stage LDR images are combined to create HDR image using camera
response function (CRF). Followed by suitable tone mapping process to compress down
to LDR image in second stage, refer Fig. (1.8). An image created by this process is called
HDR like image. This process of constructing HDR image needs information of source

images like exposure time and exposure value to construct CRF.

HDR Image
. —
1
\
\ g
“““““ 5
2.
®
\ v
|
' LDR Image

Fused (LDR)
Image

Fig. 1.8 Multi-exposure and tone-mapping

HDR-tone mapping is a complex and time consuming process due to two stage process.
Requirement of image information to construct CRF poses another drawback. The other
solution is multi-exposure image fusion. In multi-exposure image fusion, sections with
maximum activity level are extracted from source images and combined to construct
fused image. Unlike HDR-tone mapping process, this process requires no information of
source images. It also reduces processing time as well as complexity due to reduction

from two-step process to one-step process, refer Fig (1.8).



(d)
Fig. 1.9 Source images ‘Landscape’ a. low exposure time, b. medium exposure time, ¢. high exposure
time, d. fused image

Figure (1.9), represents an example of images captured at varying shutter speed (or
exposure time) and fused image [107]. Fig. 1.9(a) is a under exposed image which is
captured at high shutter speed (or low exposure time). In under-exposed image, sections
of scene with pixel intensity towards darker side become darkest (or black) like bottom
left section whereas pixels with intensity on higher side usually captured at correct
intensity. Fig. 1.9(c) is an over-exposed image which is captured at lower shutter speed
(or high exposure time). This image collect darker sections correctly, whereas brighter
sections become brightest like sky part of an image. Fig 1.9(b) is a normally exposed
image captured at medium shutter speed (or medium exposure time). The image captures
pixels with intensity in between under and over exposed image. Fig. 1.9(d) is a fused

image of three captured image, clearly it has maximum information of scene.

1.4 Applications

Image fusion has become a very important technique for image analysis and computer
vision. The fused image obtained from multiple images gives a better view of image for
further processing by human or machine and finds lot of applications like remote sensing,

medical imaging, surveillance and navigation, and photographic applications [3].

1.4.1 Remote Sensing

Remote sensing is a technique to collect object information without making physical
contact to it. Image processing plays important role in remote sensing applications such

as crop monitoring, weather prediction.

10



Image fusion also helps to better understand the remotely collected data; e.g. fusion of
panchromatic and multi-spectral images. Panchromatic images collect high spatial
resolution information, whereas multi-spectral images collect the spectral information of
object. Fusion of both images provide spatial as well as spectral information in one

image, refer Fig. (1.10) [98].

Panchromatic image Multispectral image

Fusion
— -~ 3 -~
g S A -

() (b) ©

Fig. 1.10 Remote sensing a. Panchromatic image b. Multispectral image c. Fused image

1.4.2 Medical Imaging

Medical imaging is a process of representing internal parts/behaviour of body as visual
representation for clinical analysis and medical intervention. Radiography, Magnetic
Resonance Imaging (MRI), Ultrasound and Computerized Tomography (CT) are few

examples of medical imaging.

Image fusion in medical imaging, combines information collected by different sensors
into one image. For example fused image of MRI and CT gives the soft tissue structure
and bone structure together. The combined information helps medical practitioners to

analyse and take better decision, refer Fig. (1.11) [99].

(@) (b) (©)
Fig. 1.11 Medical Imaging a. CT image b. MRI image ¢. Fused image
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1.4.3 Surveillance

Surveillance is monitoring of behavior of people or activities in area to direct or protect
people. Surveillance is usually done by CCTV or thermal cameras in the form of images,

therefore image processing is required to analyze it.

Image fusion techniques can contribute by combining visible image (day image) and
infrared image (thermal image). Infrared image captures objects based on temperature
but fails to collect spatial information, whereas visible images collects spatial resolution
information, refer Fig. (1.12) [100]. The same fused image also be used as eye for day as

well as night vision.

Fig. 1.12 Surveillance a. Visible image b. Infrared image ¢. Fused image

1.4.4 Photography

Photography, an image captured by camera, suffers from low depth of field (DoF) and
lack of exposure level while capturing images. Both degrades the quality of image and
thus become less useful. The quality can be significantly improved by using multi-

focus/multi-exposure fusion algorithms.

Multi-focus image fusion combine captured images with different limited DoF to
construct enhanced DoF fused image, refer Fig (1.6). Similarly multi-exposure image
fusion combines captured images with different exposure level to construct well exposed

image, refer Fig. (1.9).

12



Chapter — 2

Literature survey

Image fusion technique collects more information of scene by combining multiple
captured images as compare to single image. Many researchers have attempted to
develop number of fusion techniques for multi-focus and multi-exposure domain. In this
chapter we will present major works available in literature. There are two major methods

for image fusion: multi-focus and multi-exposure. We discuss them in rest of the chapter.

2.1 Multi-Focus Image Fusion

Multi-focus image fusion combines co-registered images captured with different focused
sections, refer (Chapter 1). Fusion techniques are broadly divided into two categories:
spatial domain and transform domain. In spatial domain direct pixels are processed to
extract informative sections and synthesize fused image. Whereas in transform domain,
processing takes place by transforming images into space-frequency domain. The
resulting coefficients are processed to synthesize fused image by corresponding inverse
transform. Spatial domain techniques are influenced by two factors; first, image
segmentation into regions or features, second, selection of informative region or feature.
Transform domain techniques are influenced by selection of transform method and

identification of informative coefficients.
2.1.1 Spatial domain

In spatial domain, simplest way for fusion is by averaging pixel intensities of all captured
images. Weighted average of pixels of captured images is another simple way of fusing
images. The simplicity of mathematics of these two methods for image fusion also

accompanied with loss of contrast in fused image.

In order to improve the contrast of fused image, research community has developed
region based fusion techniques. Regions may be of predefined size, like blocks or
arbitrary shape. Region based technique segments the captured images into predefined
blocks or arbitrary shape regions. Most informative sections are selected from

corresponding captured images to synthesize fused image.
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S. Li et al. [8] were first among the few who used block based fusion technique to
combine captured images. In their proposed technique, all captured images are divided
into blocks of predefined size. Each block is then tested for underlying information using
spatial frequency. S. Li et al. [9] proposed another block based technique by using
artificial neural network. Three features, spatial frequency, visibility and edge feature,
extracted from few blocks of images are used to train the neural network. These trained
networks then identify informative blocks of source images to synthesize fused image.
Similarly, W. Huang et al. [16] proposed block based technique, where Energy of image
Laplacian (EOL) is used to train Pulse Coupled Neural Network (PCNN). PCNN is
further used to identify blocks with better underlying information for image fusion. Apart
from pre-defined block size based fusion few techniques [17, 26] are proposed where,
prior to block based fusion, block sizes are first optimized by using Genetic or

Differential Evolution algorithm.

For arbitrary shape region based fusion, S Li et al. [18] proposed technique where
captured images are divided into regions using normalized cut method. Each region is
tested by spatial frequency to test its activity level, most informative regions are then
combined to synthesize fused image. Y. Zhang et al. [20] proposed technique in which
images are initially divided into predefined size of blocks and converted into regions
based on blurring measure. Finally region based fusion is performed to synthesize fused
image. Similarly, I. De et al. [31], proposed region based fusion where images are
initially divided into quad tree structure blocks. These blocks are converted into regions
based on normalize difference in focus measure (NDFM). Another region based
technique is proposed by X. Bai et al. [39], where pre-defined blocks are converted into
regions. Regions are then tested by newly proposed activity level testing measure, sum
of weighted modified Laplacian, and selected informative regions are combined to
synthesize fused image. Y. Zhang et al. [34] perform region based fusion by using non-
negative matrix factorization and difference images. D. Guo et al. [37] used self-

similarity and depth information to perform fusion of images.

The block and arbitrary region based fusion technique, unlike pixel averaging techniques,
is able to maintain the contrast of scene in fused image. But they also suffer from

following limitations
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(a) The block size plays important role, like, selection of smaller block size may
results in loss of contrast, whereas larger block size may results in selection of
both focused as well as unfocused section. In both cases possibility of selection
of wrong pixels affects the quality of fused image.

(b) Intensity variations along the edges of blocks creates artefacts on the fused image.

(c) Heavily dependence on region segmentation technique.

(d) Identification of boundaries of regions.

Apart from region based fusion techniques, many authors have proposed feature based
fusion techniques. Ishita De et al. [14] used multi-scale Top-Hat transform to identify
dark or bright feature on all pixel locations. These feature values are used to create binary
image for all captured images. The binary images and captured images are combined
together to construct fused image. Similarly X. Bai et al. [33] proposed multi-scale Top-
Hat transform technique to extract informative features and perform fusion. B. Yang et
al. [25] proposed sparse representation based fusion technique. A. Saha et al. [32] used
invariance property of natural image statistics for fusion. The average log amplitude of
images which has a natural trend of varying is used to identify pixels with more
information and to construct fused image. Y. Jiang et al. [35] performed fusion by using
morphological component analysis on captured images. Y. Liu et al. [38] used dense
SIFT to calculate descriptors on each pixel. These descriptors are further used to perform

fusion. Paul et al. [42] proposed fusion technique in gradient domain.

Region and feature based techniques are effective techniques to perform fusion. However
these techniques are not exploring information present on different scales, which is an
inherent property of image. To explore information present at multi-scale positions, H.
Zhao et al. [29] proposed a parallel pipe framework on captured images to split into
multiple neighbour distance images and low frequency image. These images are further

processed to synthesize fused image.
2.1.2 Transform domain

In transform domain, fusion techniques are classified into single scale and multi-scale
transform. In single scale transform, images are transformed to frequency domain
coefficients. The coefficients with more information are separated and combined from
respective image transforms. Fused image is constructed by corresponding inverse

transform. DCT [11], ICA [13] and PCA [22] are single scale transform techniques useful
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for fusion of images. These techniques fail to extract information present at different

scales.

In multi-scale transform, images are decomposed into multi-scale transform coefficients.
Each scale coefficients are processed and informative coefficients are selected. The
selected coefficients are converted back to spatial domain by using corresponding inverse
transform. Laplacian pyramid [5], gradient pyramid [12], ratio of low pass pyramid [6]
and wavelet transform [10] are commonly used multi-scale transform. In these pyramid
transform, images are splitted into pyramidal structure by down sampling process. The
informative pixels are selected at each layer of pyramid and fused image is constructed
by combining layers from pyramid by up-sampling process. The process of up-sampling
and down-sampling makes pyramid transform more prone to shift variance. Complex
wavelet transform [7] is proposed to address the problem of shift variance of wavelet
transform. The multi-scale transform techniques are able to extract more information as
compare to single scale transform but still lag in extracting multi-directional information

present in image.

Multi-scale geometric (MGA) transform like curvelet [24], shearlet [28] and contourlet
[23] transform are proposed to collect information present in multi-direction. However
these techniques also suffer from shift-variance. In order to overcome shift variance, few
techniques are proposed like non-subsampled shearlet transform (NSST) [30], non-
subsampled contourlet transform (NSCT) [40]. These techniques are able to collect
information present at different scales as well as in different directions. However the

advantage is achieved at the cost of complexity.
Following are the observations for transform techniques

(1) Single scale transform, like DCT, fails to extract information present at
different scales.

(i)  Multi-scale transform, like pyramid transform, is able to extract information
present at different scales but suffers from shift-variance and lack of
directional information.

(ii1))  The shift-invariant version of multi-scale transform like Complex wavelet
transform solves the limitation of shift-variance but still suffers from lack of

directional information.

16



(iv)  Multi-scale geometric (MGA) transform like NSCT solves the problem of
shift-variance and able to extract directional information. However these
techniques have high complexity.

(v) Transform technique perform fusion process globally in frequency domain
and any change in coefficient affects all pixels in spatial domain.

(vi)  The images transformed to frequency domain for processing and converted

back to spatial domain results in loss of data.

Some of the major works in spatial and transform based techniques are explained briefly.

S. Li et al. [8] decomposed pre-registered source images into blocks of pre-defined size.
Each block is tested for underlying information using spatial frequency (SF). SF
calculates activity level by first calculating pixel intensity difference row and column
wise and then square root of sum of their squared values computes frequency information
in terms of spatial frequency. Blocks with highest SF transferred from corresponding
source images into fused image. If the corresponding block has similar SF, then average
of two is transferred to fused image. This fused is an intermediate image which is further

passed through majority filter to get the final fused image.

S. Li et al. [9] proposed fusion technique based on artificial neural network. All pre-
registered source images are divided into pre-defined size blocks. Three features, spatial
frequency, visibility and edge feature, are extracted from each image block. First, few
image blocks are used to train the neural network based on extracted features. Later, all
image blocks are processed through trained neural network. The clearer block among the
co-located image blocks are transferred and combined together to synthesize fused

image. The fused image is further processed by majority filter.

Ishita De et al. [14] explains the area based registration process to register the captured
source images. For image fusion, morphological mathematics based multi-scale Top-Hat
transform is utilized to detect the dark and bright feature on all pixel locations. The
scalable structuring element extract features present at different scales. Binary images
are created based on feature value of co-located pixels. The binary images are further
processed with opening and closing filter to create continuous structure. The source
images and their corresponding binary images are combined together on pixel to pixel

basis to construct fused image.
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W. Huang et al. [16] divide captured pre-registered source images into blocks of pre-
defined size. Feature maps are calculated by using energy of image Laplacian (EOL) for
each block. Normalized feature maps are fed into Pulse Coupled Neural Network
(PCNN) as an external stimulus and corresponding output is calculated. The image block
with maximum output value is transferred to fused image. The constructed fused image
is further processed with majority filter. The quality of fused image is tested by using

objective evaluation method.

J Zhang et al. [17] proposed a block based method for image fusion in which block size
is first optimized using Genetic Algorithm (GA). Later, all captured source images are
partitioned into blocks using optimized block size. Spatial quality assessment is done for
each image block and block with maximum quality assessment value among the co-
located blocks is selected. The selected blocks are combined to synthesize fused image.

Quality analysis is performed using objective evaluation techniques.

S Li et al. [18] presents the region based fusion method. All pre-registered captured
images are averaged together to construct intermediate fused image. The intermediate
fused image is segmented into regions using normalized cut method. The activity level
of all regions is calculated using spatial frequency and region with maximum spatial
frequency among co-located regions are selected for fusion. The selected regions are
merged together to construct final fused image. Objective analysis is performed to

compare the quality with other methods.

Y. Zhang et al. [20] proposed region based method for multi-focus image fusion.
Captured source images are divided into blocks of size 4 X 4 or 8 X 8. The co-located
image blocks are compared by using blurring measure technique and binary images are
constructed. The binary images are converted into fusion maps by removing or filling
isolated blocks and results in formation of regions. Source images are combined with
fusion maps to construct fused image. Subjective as well as objective evaluation is

performed to check the quality of this method.

R. Redondo et al. [21] proposed multi-resolution based multi-focus image fusion. Log-
Gabor Wavelet transform is used to decompose captured images into layers at defined
scale and orientations. Decision map is defined by using area based activity level across
orientations. All layers except low frequency layer are combined by using decision map,

whereas low frequency layers are combined as average sum. Finally inverse transform is
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applied to construct fused image. Log-Gabor multi-resolution is compared with other

multi-resolution methods in terms of percentage of error (E).

B. Yang et al. [25] proposed a fusion technique using sparse representation. All captured
source images are divided into patches of size n X n using sliding window technique.
The patches are transformed into vectors using lexicographic ordering and establish as
single vector. The activity level of all coefficients is calculated and coefficients with
maximum activity level among source images are selected and combined to construct

final vector. Fused image is constructed by converting final vector into image.

V. Aslantas et al. [26] proposed a block based image fusion method in which block size
is optimized using Differential Evolution (DE) algorithm. All captured images are
divided into blocks of size m X n. The activity level of each block is calculated and
blocks with maximum activity level are combined together to construct intermediate
fused image. The global activity level of intermediate fused image is used as fitness
function for differential evaluation algorithm to further optimise the block size. The cycle
again repeats until optimized solution is reached. The intermediate fused with optimized
block size is the final fused image. Objective evaluation is performed to check the quality

of fused image.

V. P. S. Naidu [27] proposed multi-resolution scheme to fuse the images. The scheme
decomposed the captured pre-registered source images into L level using multi-
resolution singular value decomposition. Each decomposed level coefficients with larger
absolute value are selected for fusion whereas coarsest level coefficients are combined
as an average. These fused L levels of multi-resolution singular value decomposition is
converted back to fused image. The quality of scheme is evaluated using objective

evaluation indices.

H. Zhao et al. [29] proposed a parallel piped framework for image fusion. The oriented
distances of a pixel to a point is utilized to construct the neighbour distance filter.
Neighbour distance filter is then utilized in a parallel piped framework on source images
to split into multiple neighbour distance images and low frequency image. These images,
from all source images, are tested on pixel basis using maximum activity level. The
selected pixels at each level are combined to construct fused image. Consistency
verification is performed by using small majority filter. Objective evaluation is

performed to evaluate the performance.
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G. Guorong at al. [30] proposed non-subsampled shearlet transform based image fusion
method. Captured and pre-registered source images are splitted into low-pass sub-band
and band-pass sub-band coefficient images. The low-pass and band-pass coefficient
images are combined on the basis of ‘average’ and ‘absolute maximum selection’
respectively, and corresponding initial fused image is constructed by using inverse
shearlet transform. Focus regions are identified on comparing each source image with
initial fused image by using square error. These regions are used to perform region based
fusion on low-pass and band-pass coefficient images. Objective evaluation is performed

to assess the quality of fused image.

I. De et al. [31] proposed quad tree structure based image fusion method. Initially source
images (level 0) are divided into four quadrants (level 1) and corresponding focus
measure is calculated. Normalize difference in focus measure (NDFM) decides further
division of each quadrant into four quadrants. If NDFM is less then threshold,
corresponding blocks are further divided into four blocks otherwise block with largest
focus measure is selected and become part of final image. The process of division into
quadrants continues till the size of quadrants either become too small or NDFM does not

permit it. Objective evaluation is performed to evaluate the performance.

A. Saha et al. [32] proposed a feature based image fusion method. The method utilized
scale invariance property of natural image statistics, which says that the average log
amplitude of ensemble of images shows a natural trend of varying. The log amplitude
spectrum of each image is calculated and then convolves with average filter to generate
the average log amplitude spectrum. The feature, saliency map, of each image is
calculated based on mutual spectral residual. Based on maximum value of saliency at a
particular pixel, final fusion will be performed. Objective evaluation is performed to

assess the quality of fused image.

X. Bai et al. [33] used the multi-scale top-hat transform to develop weighted image fusion
algorithm. Multi-scale structuring elements of same shape and increase in size are used
to extract useful bright and dim features at each pixel location. The extracted bright and
dim features of all scales are combined together. The weighted bright and dim features
are combined with base image to construct fused image. The weights are calculated by
using mean, deviation and entropy around each pixel. These three strategies along with

other state-of-the-art techniques are compared using visual as well as qualitative analysis.
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Y. Zhang et al. [34] proposed fusion of multi-focused images by using non-negative
matrix factorization and difference images. All captured and pre-registered images are
fused together to construct temporary fused image by using non-negative matrix
factorization. The difference images based on difference between captured images and
temporary fused image are constructed. The focused regions are detected by salient
features of difference images. The detected regions and source images are combined to
construct fused image. Qualitative analysis is performed to evaluate the performance of

proposed method.

Y. Jiang et al. [35] proposed fusion technique by using morphological component
analysis. Captured source images are separated into cartoon and texture components as
sparse structure. The texture and cartoon components from respective source image are
integrated to construct combined sparse texture and cartoon components. These
components are transformed back to construct fused texture and cartoon images, which
later combined to construct fused image. Objective evaluation is performed to assess the

quality of fused image.

Y Liu et al. [36] proposed image fusion framework based on multi-scale transform and
sparse representation. All captured and pre-registered source images are splitted into low
pass and high pass coefficients using multi-scale transform. Sparse representation
technique is used to combine low-pass coefficients, whereas high pass coefficients are
combined based on maximum absolute value. These combined coefficients are converted
back to fused image using inverse multi-scale transform. Six available multi-scale
transform are used to test on different image sets. Subjective as well as objective

evaluation is performed to test the quality.

D. Guo et al. [37] proposed fusion method using self-similarity and depth information.
Shared similarity regions are identified for all pixel locations from pre-registered source
images. These regions are tested for clarity using gradient and depth information. All
similarity regions are compared for source images using calculated clarity measure.
Votes are granted to a pixel based on clarity measure for all shared regions. The source
images are combined together on pixel-to-pixel basis to construct fused image.

Qualitative analysis is performed to evaluate the performance of proposed method.

Y. Liu et al. [38] used dense SIFT to fuse multi-focused images. All pre-registered source

images are processed with dense SIFT to calculate corresponding dense SIFT image.
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SIFT descriptors are combined at each pixel to construct activity level map for all SIFT
images. Initial decision map of source images is constructed using SIFT descriptors to
define definite focused, definite un-focused and indefinite regions. The pixels in
indefinite regions are addressed further to create final decision map. Fused image is
constructed by combining decision map and source images. Qualitative analysis is

performed to evaluate the performance of proposed method.

X. Bai et al. [39] proposed fusion of pre-registered source images using a quad-tree
structure. Source images are decomposed into blocks of optimum size in a quad-tree
structure using MDFM and SMDG, and identifying focused regions. A new focused
measure, sum of weighted modified Laplacian, is defined and used in decomposing
images. Detected focused regions are selected form respective image and combined to
construct fused image. Qualitative analysis is performed to compare the results with

previous work.

Y. Yang et al. [40] proposed a novel image fusion frame work for multi-focus images,
which relies on NSCT domain and focused area detection. The source image are divided
into low and high frequency coefficients using Non-subsampled contourlet transform.
An initial fused image is obtained using visual contrast rule and log-gabor energy rule
for low and high frequency coefficients. The focused areas in source images are selected
by RMSE between initial fused image and source images, which is further utilized to
perform final fusion. Qualitative analysis is performed to evaluate the performance of

proposed method.

L Cao. et al. [41] proposed algorithm based on spatial frequency in Discrete Cosine
Transform (DCT) domain. The method proposed to use spatial frequency in DCT
domain. The source images are divided into blocks and transformed into DCT domain.
Spatial frequency is calculated for each block. The block of DCT coefficients with
maximum spatial frequency is selected and combined together. The selected DCT
coefficient are converted back to construct fused image. The selected DCT coefficients

can further be processed for JPEG.

Paul et al. [42] proposed a method to process luminance of the source images in gradient
domain. All captured and pre-registered source images are converted into gradient
domain. The pixels with maximum gradient are transferred from respective image to

construct gradient fused image. The fused gradient image is processed by Haar wavelet

22



to reconstruct luminance fused image. Chrominance is processed separately and
combined with luminance to construct the final image. Qualitative analysis is performed

to evaluate the performance of proposed method.

H. Tang et al. [43] proposed learning based fusion technique. Pixel-wise convolutional
neural network (p-CNN) recognize focused and un-focused pixel by using neighborhood
information. Focused pixels are combined to construct fused image. The network is
trained by comprehensive public image database. Results are compared with state-of-the-

art techniques by using subjective as well as objective evaluation techniques.

G. Qi et al. [44] fused multi-focus images by using geometric information based
dictionary and sparse representation. The source images are analyzed for geometric
information and used to build sub-dictionary by principle component analysis. These
sub-dictionaries are further merged to build combined dictionary. The comprehensive
sampling matched pursuit algorithm extract sparse coefficients from respective source

images to construct fused image.

M. S. Farid et al. [45] proposed region based fusion technique by using Content Blurring
Algorithm (CAB). CAB induces blurring to pixel based on underlying information. The
focused pixel received significant blur whereas unfocused pixel little or no blur. The
difference in original and CAB blurred image segment the images into regions which are
further used for fusion. Qualitative and Quantitative evaluation is performed to evaluate

the quality.

B. Xiao et al. [46] proposed fusion technique based on Hessian matrix based
decomposition. Multi-scale Hessian matrix decompose each source image into feature
and background regions. The two regions based on two focus measures are used to
construct initial decision maps respectively. Final decision map based on initial decision
maps are used to combine source images into fused image. Results are verified by

subjective as well as objective evaluation.

S. Aymaz et al. [47] proposed fusion technique based on super-resolution and stationary
wavelet transform (SWT). All source images are processed with super-resolution method
to enhance information. These processed images are splitted into sub-bands using SWT.

Principle Component Analysis (PCA) is used to select most informative sub-band among
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co-located sub-bands. The selected sub-bands are combined to construct fused image by

Inverse SWT. Quality testing is performed to evaluate the proposed method.

2.2 Multi-Exposure Image Fusion

In multi-exposure image fusion, co-registered images captured at different shutter speed
are combined to construct fused image. Like multi-focus image fusion, multi-exposure

fusion techniques are also proposed in spatial as well as transform domain.
2.2.1 Spatial domain

In spatial domain efforts were made to develop fusion techniques by using regions or
features of captured images. Region of an image may be pre-defined block or arbitrary
shape region. A. A. Goshtasby et al. [48] were among the first to proposed block based
fusion technique by dividing each image into predefined blocks, and best blocks based
on the entropy are selected for fusion. Similarly, A. R. Vaekonyi-Koczy et al. [51]
divided three channels of colour image into non-overlapping blocks. The blocks with
maximum gradient are selected and combined together for fusion. K. H. Jo et al. [55]
proposed region based fusion in which images are divided into arbitrary shape regions
using intensity levels. These regions are combined with source images as weighted
average to construct fused image. X. Li et al. [63] also proposed region based fusion by
using K-mean clustering. These techniques suffered from various limitations as with

multi-focus image fusion techniques (refer section 2.1.1).

The limitation of region based techniques directed research community towards feature
based fusion. Many fusion techniques have been proposed by using extracted features
from captured images. T. Mertens [50] proposed classical exposure fusion technique by
extracting three features; contrast, saturation and well-exposedness. These features are
used to construct weights and combined with source images to synthesize fused image.
Raman et al. [52] proposed fusion technique by using matting function. Matting function
is calculated by difference between source image and its corresponding bilateral filter
processed image. K. Kotwal et al. [54] proposed another technique based on matte
function. S. Li et al. [57] extracted three features local contrast, brightness and colour
dissimilarity by using median and recursive filter. These features are used to construct
fused image as weighted sum. T. Jinno et al. [58] proposed irradiance of image to perform

fusion. W. Zhang et al. [59] used two features visibility and consistency to perform
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exposure fusion. Y. Liu et al. [66] used three features; contrast, exposure quality and
spatial consistency using dense SIFT to perform exposure fusion. K. Ma et al. [68] used
three components: signal strength, signal structure and mean intensity to synthesize fused
image. Apart from feature based technique some probabilistic technique are also
proposed; R. M. Song et al. [60] proposed probabilistic fusion technique. Two features,
visible contrast and scene gradient are extracted from images and is utilized to get the
synthesised image as maximum a post priori framework. R. Shen et al. [56] proposed
fusion technique based on Generalized Random Walks. Shen et al. [61] proposed

Gaussian conditional random field model based exposure fusion.
2.2.2 Transform domain

In transform domain, I. Zafar et al. [49] proposed DCT transform based fusion. V.
Radhika et al. [69] proposed block based fusion using various transform techniques. The
multi-scale techniques are also proposed for multi-exposure fusion in order to extract
more information. Wang et al. [53] used dual tree directional filter bank to use multi-
scale positions in order to construct fused image. J. Shen et al. [62] used boosting
Laplacian pyramid to construct fused image. A. Gladran [71] and Q. Wang et al. [73]

used multi-scale transform to perform multi-scale exposure fusion.
Some of the major works in spatial and transform based techniques are explained briefly.

A. A. Goshtasby et al. [48] used the optimum block size and blending function to perform
multi exposure fusion. The source images are divided into blocks of defined size and
entropy is calculated for each block. The co-located blocks are tested for maximum
entropy and combined together using monotonically decreasing blending function to

synthesize fused image.

I. Zafar et al. [49] present the first ever method to address the problem of multi exposure
fusion in transform domain. The proposed algorithm divide the source images into non-
overlapping blocks of suitable size. Each corresponding block is transformed into DCT
domain. Based on maximum L2 norm of AC coefficients, corresponding block is
selected. Similar process is applied to all the blocks and fused image is synthesize by

inverse DCT.
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T. Mertens [50] proposed a fusion technique using multi-resolution pyramidal structure
of pre-registered source images. Three quality measure, contrast, saturation and well-
exposedness, are used to extract information at each pixel level. These are further
combined to construct weight map for each image. All source images are decompose into
Laplacian pyramidal structure and weight map into Gaussian pyramidal structure. These
pyramidal structure are multiplied at corresponding scale. The fused image is constructed

by reverse pyramidal structure.

A. R. Vackonyi-Koczy et al. [51] develop block based method to fuse multi-exposure
images. The colour source images are divided into blocks of fix size. Gradient of each
block is calculated for all three channels separately. The block with maximum sum of
gradient of all the three channels is selected and become a part of fused image. Blocking
effects are visible by combining blocks directly and degrade the quality of fused image.
To reduce this effect authors have used 2-D Gaussian function to blend the selected block

from source images.

Raman et al. [52] proposed pixel level fusion process using matting function. Matting
function is calculated on each pixel by using difference between source image and its
corresponding bilateral filter processed image. Matting function gives more weightage
to pixel with more information and less to other co-located pixels. Finally fused image is

calculated by combining matting function and source images as weighted sum.

Wang et al. [53] proposed pyramidal dual tree directional filter bank based multi-scale
fusion method. All captured and pre-registered source images are decomposed into high
pass and low frequency coefficients. High pass coefficients with high saliency measure
are selected for fused image. Saliency measure is calculated as local energy around a
pixel. Low frequency coefficients are combined as average sum. These selected high pass
and low frequency coefficients are combined and converted back to construct fused

image. Proposed method is evaluated for quality using objective evaluation indices.

K. Kotwal et al. [54] proposed optimization based approach to perform fusion. Three
objectives based on entropy, contrast and spatial correlation are defined to calculate matte
function for each pixel and optimized using Euler-Lagrange technique. Qualitative

analysis is performed to evaluate the performance of proposed method.

26



K. H. Jo et al. [55] presented the clustered based method for multi-exposure images.
Initially source images are decomposed into regions based on intensity levels. Utility
function is calculated for each region based on entropy and level of details. Binary masks
are constructed for each source image by testing utility function on pixel to pixel basis.
These binary masks are processed using bilateral filter, in order to smooth the transition
along the boundaries, to construct corresponding weighted masks. The fused image is

constructed as weighted sum of source images and weighted masks.

S. Li et al. [57] addresses the multi exposure fusion using median and recursive filter.
The three features local contrast, brightness and colour dissimilarity are calculated and
combined to construct weight for all source images. These weights are further refined
using recursive filter to smooth the transitions. Fused image is calculated as weighted
sum of source images. Qualitative analysis is performed to evaluate the performance of

proposed method.

T. Jinno et al. [58] proposed fusion technique using irradiance of image. The irradiance
is calculated for each pixel of captured image and corresponding weights are defined.
The captured images are combined together as weighted sum to construct fused image.
The method also addressed the motion blur in captured images. Qualitative analysis is

performed to evaluate the performance of proposed method.

W. Zhang et al. [59] proposed gradient directed exposure fusion. Two quality measures;
visibility and consistency are extracted from captured images. Weight map based on
quality measures are defined and combined with captured images as seamless

composition to construct fused image.

M. Song et al. [60] proposed a new scheme based on probabilistic model. The scheme is
divided into scene detail extraction and SDR image synthesis. Visible contrast and scene
gradient are extracted from the series of images with different exposure levels. Maximum
a post priori framework is utilized to get the synthesised image based on visible contrast
and scene gradient. For colour image RGB is converted into YUV and all the operations

are performed on Y i.e. luminance and at the end converted back to RGB.

J. Shen et al. [62] used new exposure fusion approach based on boosting Laplacian
pyramid. The source images are decomposed into base layer and detailed layers which

are boosted separately. Weight maps for each pixel is calculated by combining local
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exposure weight, global exposure weight and saliency weight. The boosting process is
guided by local exposure weight and saliency weight. Fusion is performed by combining
weight maps and boosted layers. Qualitative and quantitative evaluation is performed to

test the proposed method.

X. Li et al. [63] proposed layered based algorithm with global and detailed layers are
constructed from source images. Global layer is constructed using bilateral filter of
average of source images. Global layer is divided into regions using K-mean clustering.
The entropy and gradients are used to select the best region among all the exposures.
These regions along with detailed layer is used to perform the fusion at gradient level
and fused image is reconstructed. Qualitative analysis is performed to evaluate the

performance of proposed method.

A. V. Vanmali et al. [65] addresses the problem of ghost effects along with exposure
fusion. The process is done in four steps viz. weight map calculation, new-object
detection, modified weight map and exposure fusion. The weight map is calculated on
the basis of contrast, well-exposedness and saturation for each pixel. For object detection,
gamma correction, bilateral filtering and absolute difference between reference image
and all images are combined to create binary images. These binary images are used to

modify the weights. The fusion is performed using multi-scale structure.

Y. Liu et al. [66] proposed three feature based fusion technique. Three features; contrast,
exposure quality and spatial consistency are extracted from captured and pre-registered
source images. Contrast is calculated based on dense SIFT and used two strategies;
weighted average and winners take all in weight contribution. Weights are calculated by
combining these three features. Finally fused image is constructed by combining
captured images as weighted sum. Qualitative analysis is performed to evaluate the

performance of proposed method.

K. Ma et al. [68] proposed structural patch decomposition approach for multi-exposure
image fusion. Each image patch is decomposed into three components: signal strength,
signal structure and mean intensity. Each component is fused separately and recombine
to construct patch and further fused image. The proposed method is further compared

with state-of-the-art techniques.
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V. Radhika et al. [69] proposed block based technique for exposure fusion. The captured
and pre-registered source images are divided into pre-defined blocks. All corresponding
blocks are processed with transform technique and coefficients are calculated. The block
coefficient with high variance are selected and converted back to fused image by inverse
transform. Existing transform techniques are used for fusion. Objective evaluation is

performed to test the quality.

A. Gladran [71] proposed multi-exposure image fusion for image dehazing. An image is
captured under haze condition and artificially transformed into varying exposure images
by using gamma corrections. Weights for all images are calculated by using absolute
contrast of pixel. The source images along with weights are converted into Laplacian
pyramid structure. Fusion is done by combining each level of source and weights and
fused image is constructed by inverse Laplacian transform. Subjective and objective

evaluation is performed to evaluate the quality of fused image.

Q. Wang et al. [73] proposed multi-scale pyramid based multi-exposure image fusion.
The fusion is performed as multi-scale weighted sum. The weights are calculated for each
image by using three parameters; contrast, saturation and degree of exposure. All
captured source images are splitted into Laplacian pyramid and weights as Gaussian
pyramid. Fusion is performed at each level and fused image is constructed by inverse

pyramid structure. Qualitative assessment is performed to evaluate the quality.

2.3 Challenges in Image Fusion

Broadly, there are two ways to perform image fusion; spatial domain and transform

domain. The challenges for each category is as under

e Spatial domain fusion suffers from blocking effects which deteriorate fused
image quality.
e Transform domain fusion suffers from data loss during transformation of image.

In present work, we proposed three spatial domain techniques and to resolve the problem
of blocking effects, all three techniques works on layer based fusion. Each image is
splitted into multiple layers and later processed layers are combined to synthesize fused

image.
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Chapter — 3
Quality Indices (Image Fidelity)

An image fusion is a process of synthesis of extracted information from captured source
images into fused image. The fusion technique should retain underlying information of
source images and does not degrade the visible quality of an image. The evaluation
becomes necessary to evaluate fusion technique to test the quality. The image fidelity

criteria are useful in accessing and evaluating the quality of fused image.

Image fidelity criteria are of two types to evaluate the performance: subjective and
objective. The subjective criteria are based on visual inspection by group of people
familiar with images, whereas in objective criteria well defined mathematical expressions

are used.
3.1 Subjective evaluation

The subjective evaluation is performed by using rating scales; goodness scale and
impairment scale [2]. Goodness scale is divided into two category; overall goodness scale
and group goodness scale. Overall goodness scale is the global scale over which an image
quality is rated ranging from ‘Excellent’ to ‘Unsatisfactory’, refer Table 3.1. Group
goodness scale is second category of global scale which compares a set of images and
rate them ranging from ‘Best’ to ‘Worst’, refer Table 3.1. The impairment scale test the
quality decline of image in comparison with reference image. The rating is given ranging
from ‘Not-noticeable’ to ‘Extremely objectionable’, refer Table 3.2. In subjective
evaluation, number of trained observer are invited to rate the image based on goodness
scale and mean value [2] is given as

n
R — Zk=1sknk (1)

k=1Tk
where sy is the score associated with the k" rating, n,, is the number of observers with
this rating and n is the number of grades in the scale.

3.2 Objective evaluation

Objective evaluation techniques are based on well-defined mathematical expressions. It

is broadly divided into two categories, reference image and non-reference image based
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evaluation. In reference image based evaluation, an image (under evaluation) is
compared with reference image to test the quality. Root Mean Square Error (RMSE) is a

good example of reference image based evaluation. The non-reference based evaluation;

an image
Table 3.1
Image Goodness Scales
Overall goodness scale Group goodness scale
Excellent (&) Best (7)
Good 4) Well above average (6)
Fair 3) Slightly above average (5)
Poor (2) Average (4)
Unsatisfactory (1) Slightly below average 3)
Well below average (2)
Worst (1)
Courtesy: [2]
Table 3.2
Impairment Scales

Not noticeable (1)

Just noticeable (2)

Definitely noticeable 3)

Impairment not objectionable 4)

Somewhat objectionable (5)

Definitely objectionable (6)

Extremely objectionable (7

Courtesy: [2]
(under evaluation) is evaluated independently, without referencing reference image.

AB
Mutual Information (MI), Edge based Similarity Measure (Q ) are the good examples.

Different quality indices for reference and non-reference based evaluation are discussed

below:
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3.2.1 Reference based evaluation indices

Quality indices based on reference image are as follows
3.2.1.1 Mean Square (MSE) and Root Mean Square Error (RMSE)

Mean square error is simple and commonly used index. The squared difference between
reference image and image under evaluation (fused image) on pixel-to-pixel basis is
calculated and termed as error. The calculated error is averaged by total number of pixels.

The expression for MSE is as follows

MSE = L SM SN (Ue(i,)) — 1¢(i.)))? @)

where I, Ip are reference and fused image respectively, M X N is image size and
(i, j) represents pixel location.

The more is the similarity between reference and fused image, lesser is the error and MSE
value. Thus smaller MSE value represents better quality.

Root mean square error is a square root of mean square error. The expression for RMSE

1s as follows

1
MXN

RMSE = J— S I (e (o) — I (i )))? 3)

3.2.1.2 Peak Signal to Noise Ratio (PSNR)

It is a ratio of peak power of an image to power of noise. Power of an image is calculated
as square of maximum intensity level present in an image whereas noise power is
calculated as mean square error (MSE), refer Eq. (2). For 8-bit image, PSNR between

reference image (Iz) and image under evaluation (Ir) is calculated as

PSNR = 10lo
g o SN (RGN -TF())?

= 1010g M_SE' (4)

2552 l 2552

where I, I are reference and fused image respectively, 255 represents maximum value

present for 8-bit image, M X N is image size and (i, j) represent pixel location.

An increase in similarity between I and I results in decrease in MSE and consequently
increases PSNR. Therefore larger the value of PSNR, better is the quality of fused image
Ip.
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3.2.1.3 Standard Deviation

It measures the dispersion in intensity of pixels around the mean intensity of an image.
Higher value of dispersion represents more information in image and vice-versa. The

expression for image under evaluation I is as follows

1 ..
Or = (un (i Zﬁyﬂ(lF(l:]) — Up)? (5)
Similarly oy is calculated for reference image I.

where Iy, I are reference and fused image respectively, | 1s mean intensity of an image

under evaluation.

The similarity between I and Iy is depend on the closeness between their deviations.

More is closeness better is the similarity.
3.2.2 Non - reference based evaluation indices

Quality indices without referring reference image are as follows
3.2.2.1 Mutual Information (MI)

Mutual Information [74] is based on information theory to measure the statistical
dependence between two random variables. It measures the information shared by one

variable about other variable.
For two random variables P and @, Mutual Information is calculated as

pxy(x,y) ) (6)

Iyy (x, }I) = Yixex Zer Pxy (x, y)log(px(x)pY(Y)

where pyy (x,y) is the joint probability distribution and py(x), py(y) are the marginal
probability distributions.

For images, marginal and joint probability distributions are calculated by normalisation
of corresponding marginal and joint histogram. For 2 input images Xq,X,, Iy x,
represents mutual information and given by

pX1 Xz(Xll XZ)
PXl(Xl)p Xz(XZ)

IXle(Xlr Xy) = ZXIZXZPXI Xz(Xlr X3) log (7

For N input images Xj, ..., Xy, Mutual Information between set of images X; (i € [1, N])

and fused image (F) is calculated as
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Ipx, (X1, o, X, F) = Ipx, Xy, F) + - + Ipxy (X, F) (8)
Larger value of MI represents better quality of image.

3.2.2.2 Normalised Mutual Information (NMI)

Normalised Mutual Information, normalise the Mutual Information calculated as per
equation (8). In [75], it was point out that calculation of Mutual Information is biased
towards image with highest entropy. The solution suggested is to normalise Mutual
Information by corresponding entropy value. The modified expression for N input

images X3, ..., Xy, 1s as follows

Ipx,XoF) | Irxy&n.F)
H(X1)+H(F) H(XN)+H(F)

INMI(Xli""XN'F) :2[ (9)

where, Iy, represents mutual information (refer (6)), H( X;) and H(F) are marginal

entropies. Higher value of NMI represents better quality.
3.2.2.3 Edge-based Similarity Index (Q4B/F)

It evaluates the amount of information in terms of edges transferred from source images
to fused images [76]. Sobel edge operator is used to calculate relative edge strength and
orientation of each source image with respect to fused image. The calculated strength,
orientation are used to derive corresponding preservation value and combined together
to represent the perceptual loss of information in fused image. For N input
images X3, ..., Xy, the relative strength of each source image X; (i € [1,N]) in fused

image (F) is

Q¥XF(m,n) = Q" (m,n).Qx" (m,n) (10)

where Q;ip, ij if

are the edge strength and orientation preservation value of source
image X;.
These are combined together as normalised weighted sum, represented as follows

QAB/F — z:1P;1=127(15=1[QX1F(771.11) w¥1 (m,n) +--+ QXNF (mn) w¥N (m,n)
2%:122=1[WX1 (mn)+-+ wXN (mn)]

(11)

The range for Q45/F is in between (0, 1), where ‘0’ represents complete loss of edges

and ‘1’ represents complete transfer of edges.
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3.2.2.4 Structure similarity-based metric (SSIM)

It reveals the degree of similarity between the two images, covering three aspects
luminance, contrast and structure. Luminance is calculated as mean intensity of an image.
For source image X; and fused image F, iy, and g represents luminance. To extract
contrast information from images, standard deviation is used. oy, and oy represents the

deviation for source image and fused image respectively. For structure information,

Xi_“Xi

normalised signals are used, e.g. for source image X;, normalised signal is . These

oxi

three factors are combined to represents the similarity measure [77]. The expression for

N input images X3, ..., Xy is as follows

_ 2ux1UF €1, 4 ,20x10F +C2 B ox1F+c3 y
SSIM(Xl' F)= (u)2(1+ u%+c1) ) (0)2(1+ a§+c2) ) (O'X10'F+C3) (12)
SSIM (X4, ..., X\, F) = %(SSIM(XLF) + - +SSIM(Xy, F)) (13)

where Ly, Uy represents mean, oy, 0 represents standard deviation, and oy, represents

covariance of X; and F. c1,c2, c3 are constants. «, 3, y control the contribution.

Higher value of SSIM represents better quality.
3.2.2.5 Entropy

It measure the information content of an image by using probability of grey levels. The
histogram of image gives the probability values of all grey levels. The expression for

entropy of 8-bit image is as follows
E= -323p(Nlog2(p()) (15)

where p(j) represents the probability of j** grey level.
The low entropy means less variations in grey levels or represents flat image, similarly

high entropy represents high variations in grey level and indicates high information.
3.2.2.6 Average Gradient

It measure the average gradient value of image. The gradient of pixel is the difference in
intensity with neighbour pixels in horizontal and vertical direction. The higher gradient
of pixel represents more information. The expression for image under evaluation I is as

follows

35



1 UrG )= Ir(-1,7))*+(Ur@)— IF(i,j—1))?
AG ZW %12?21\/ u £ 2 £ u (16)

where M. N represents the number of pixels and (i, j) represents the pixel location.
Higher value of average gradient represents better quality.
3.2.2.7 Visual Information Fidelity for Fusion (VIFF)

It is Visual Information Fidelity (VIF) based quality index [78]. The images are divided
into sub-bands by using wavelet transform. Each sub-band is evaluated by VIF with and
without distortion. VIFF of respective sub-band is calculated as ratio of VIF with and
without distortion. Final VIFF is calculated as weighted sum VIFF of all sub-bands [78].
VIFF for k™ sub-band and final expression are as follows

Y FVID (Xq,...XN,F)

VIFF,(Xq, .., Xy, F) = SFVIND Ot (17)

VIFF(Xy,...,XN, F) = Xp, k- VIFF(Xq, ..., Xy, F) (18)
where py represents the weight for k" sub-band.

3.2.2.8 Standard Deviation (Non-reference)

Standard deviation can also be used as non-reference based evaluation index. It measures
the dispersion in intensity of a pixels around the mean intensity of an image, refer Eq.
(5). Higher value of standard deviation represents more information of image and vice-

versa.
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Chapter — 4

Block based fusion

4.1 Introduction

The present chapter discusses a novel block based image fusion algorithm. The algorithm
processes pre-registered source images to generate fused image primarily to enhance
depth of field (DoF) and further extended to increase dynamic range. The source images

are processed with block based fusion to synthesize fused image.

The block based techniques usually faces challenges like selection of block size, artifacts
around edges of block. These factors also degrades the quality qualitatively as well as
visually. To overcome from this limitation we have used layer based fusion in the
proposed method. Each source image is splitted into two layers; local and global. Local
layer holds the high frequency information whereas global layer holds the low frequency
information. Local layer is processed with block based fusion and combined with fused
global layer. The addition of block based processed local layer with global layer improves
visual quality. The qualitative value depends on the frequency information separated

from captured images, which is also addressed in the proposed technique.
4.2 Local and Global Layer

Every image holds two type of information: the high frequency components (like strong
edges), and low frequency components (like weak edges or texture). The high frequency
information is separated from each image and termed as local layer whereas remaining

low frequency information is termed as global layer.
4.2.1 Neighbor Distance Filter

The neighbor distance (ND) filter [29] is based on oriented distance between a point and
its neighbor, refer Fig (4.1) [101]. The oriented distance, as per differential geometry,
between a point and its neighbor measures the bending of surface in a given direction.
Fig. (4.1) shows the oriented distance between (x,y) and (x + d,y + d). The curvature

between ‘foot of perpendicular’ and (x + d,y + d) represents the oriented distance. In
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image, the two points are replaced by two neighbor pixels and oriented distance then

calculates difference in intensity between two neighbour pixels.

NEARBY
(x+d,y+dy)
SURFACE

FOOT OF
PERPENDICULAR

TANGENT PLANE

Fig. 4.1 Oriented distance between (x,y) and (x + d,y + d).
A pixel of an image is surrounded by eight pixels. The oriented distance of target pixel
with neighbor pixels gives the information in eight directions. The summation of eight
oriented distances around target pixel is defined as Neighbor distance (ND), refer Eq.

(19). The higher value of neighbor distance represents higher information around pixel.

ND(w,v) = Y5_, 0D((ug, vo), (wy, vi)) (19)
where ‘OD’ represents oriented distance and ‘ND’ represents Neighbour distance.

The calculated neighbor distance is further processed to construct neighbor distance (ND)
filter by defining block size R X C and bandwidth h. The kernel [29] with block size 5 X
5 and bandwidth h = 0.4 is as follows

—0.0004 -0.0103 -0.0274 -0.0103 -—0.0004

[—0.0103 —-0.1256 —-0.0760 —0.1256 —0.0103]
ND = 1-0.0274 -0.0760 1.0000 —0.0760 —0.0274 (20)
—-0.0103 -0.1256 -0.0760 -—0.1256 -0.0103

—0.0004 -0.0103 -0.0274 -0.0103 -—0.0004
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We use the same kernels to extract high frequency components.
4.2.2 Frequency Components Extraction and Layers Construction

Let ¢; be the set of pre-registered N source images of size P X Q, where i € 1.... N. Each
source image is processes with ND filter (refer Eq. (20)) to split it into high frequency
components (image) and remaining low frequency component (image). The separation is
done on multi-scale basis by zero padding filter kernels. The zero layer padding is

equivalent to single zero around the neighbor of previous zero padded kernels.

The multi-scale analysis is performed by varying the kernel size instead of varying image
size. This helps to keep it less prone to shift-variant. The zero padding layers around the

kernels is proportional to number of high frequency images, refer Eq. (21).

For any source image ¢;, multi-scale extraction of high frequency component images

(H;j) and remaining low frequency component image (L;) is as follows

¢, =L;+[I] x [H,-]-]T ;i€[1,2,...,N]1&j€[12,...,M] (21)
and Hl] = [Hil HiZ Hi3 HU "'HiM]
The pseudo code to generate high frequency images is as follows

ND, = ND,Im = ¢,
Forj=1:M
Hy = Im ® ND;
Im =Im— Hy
End 22)
where i, j represents i*" source image and j** frequency image, ND; is j* zero padded

kernel, ‘®’ is convolution operator and ND; is the original filter kernels.

The extracted M high frequency images from source image ¢; are combined together and
represented as Local layer (Iyf;), refer Eq. (23). The remaining low frequency
components are represented as Global layer (L;), refer Eq. (24). Fig. (4.2), shows the
splitting of source image into high frequency images and remaining low frequency

image. Fig. (4.3), shows the combining of high frequency images to construct local layer.
Inpi = X Hyjsi € [1,2....N] (23)
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Li = ¢i — Iy (24)

SOURCE IMAGE LOW FREQUENCY
IMAGE

HIGH FREQUENCY IMAGES

Fig. 4.2 Splitting of source image into low and high frequency images

HIGH FREQUENCY IMAGES LOCAL LAYER

Fig. 4.3 High frequency images to local layer
4.3 Fusion of Local Layer

Local layers (If;) holds the high frequency information of the scene through differently
captured images. These images holds informative sections in different focused/exposed
sections. The fusion of local layers combine these informative sections together into one

image.

There are many spatial based techniques available to perform fusion like pixel-to-pixel
basis, block based fusion, region based fusion, and similarly transform techniques like
DCT, Wavelet etc. To maintain simplicity of spatial operations and to avoid mis-

registration problem, we have adopted block based fusion.

40



4.3.1 Block based Fusion: Multi-Focus

All local layers are divided into blocks of predefined sizem Xn (m xn c (P X Q)).
The blocks with most informative section are identified by any of activity level
measurement techniques available like gradient, deviation etc. Spatial frequency (SF)
[8], a gradient based technique, is adopted to test the activity level of co-located blocks.

The block with highest value of SF are selected to transfer into fused image.

For simplicity, we are using two source images to simplify the explanation, but it is
extendable up-to N source images. Let ¢, and ¢, are two source images and
corresponding local layers (Iyfq, I 5, ) are divided into blocks (I rq,p, Infrzp) of size m X
n. Spatial Frequency is calculated for (Infqp,Inf2p) to evaluate the underlying

information. Binary weight of value ‘1’ is assigned to entire block of local layer, which

has maximum SF, and ‘0’ to other co-located blocks.

Let I,, and [, are the binary weights for blocks of two corresponding local layers

(Inf1,p» Inr2,p) and allocation of their values are as follows

if SF, > SF, [le] =Jmn & [IWZ] = Omn
else, [le] = 0mn & [IWZ] =Jmn (25)

where J, and 0,,, are unit and null matrix of size m X n, respectively.

Local layers (Ipfqy,Ipf,) are combined along with binary weights Iy, y1, Iww2 as

weighted sum. Equation (26) represents the weighted sum.
Ing = Inp1 - Iwpwa + Inpo - Lwjwe (26)

where °.” represents bitwise logical AND operation, I,,,1 and I, represents
weights for entire local layer and are given by

_le le_
Iw|w1 = : ' :
le le
IWZ IWZ
Iw|w2 = :
1w2 Iw2
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4.3.2 Block based Fusion: Multi-Exposure

Similar to Multi-focus fusion of local layers, Multi-exposure fusion of local layers is
done by using block based fusion. All layers are divided into blocks of pre-defined size
mxn (mxXn c (PXQ)). Two activity level measurement techniques, spatial
frequency (SF) and exposedness, are used to identify the informative blocks. Spatial
frequency measures the underlying information, whereas exposedness evaluate the
intensity value of block. Spatial frequency (SF) and exposedness are explained later in

this section.

Two source images (¢4, ¢,) and corresponding local layers (I¢1, I 5, ) are divided into
blocks (Inf1,p, Inf2,p) Of size m X n. Spatial frequency and exposedness is calculated for
each block (Ir1,p, Inr2,p) and binary weights are allocated. 1,4, I, (refer Eq. (25)) are
the weights for corresponding layers by using SF and I,,3, I,,4 are the weights by using

exposedness, refer Eq. (27, 28).

if T<EX{<255—-T, [ly3]l =Jmn

else, [Iw3] = Opn (27)
if T<EX, <255—T, [lys] =Jmn

else, [lya] = Omn (28)

where J,, and 0,,, are unit and null matrix of size m X n respectively, T represents
threshold value varies between 10 and 30 [57], and EX;, EX, represents the block

intensity value.

Combined weight are calculated as a product of weights using SF and Exposedness, refer

Eq. (29-30).
[IWS] = [le] . [IW3] (29)
[Iwe] = [Twz] - [Twa] (30)

where ‘.” represents bitwise AND operation.

Local layers (Ipf1,Ips,) are combined along with binary weights Iy,ys, Iwwe as

weighted sum, refer Eq. (31).
Ing = Inpr-Iwws + Inpz - Lwwe (1)
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where ‘" represents bitwise AND operation, I,,,5 and I,,,e represent weights for

entire layer and are given by

IW5 IWS
Iw|w5 = :
IW5 IW5
Iw6 Iw6
Iw|w6 = :
Iw6 Iw6

4.3.3 Spatial Frequency

Spatial frequency (SF) measures the variations in intensity of pixels in horizontal as well
as vertical direction. The variations are calculated by taking difference in pixel intensity
in both the directions. These differences are higher for edges or textures as compare to

flat section. Mathematically SF is calculated as

SF = \J/(RF)2 + (CF)? (32)

RF = |—3m.570, ¢((xy) —I1(xy—1)? (33)
1

CF = |Z50L T, (6Guy) — 1= 1Y) (34)

where ¢ (x, y) is the intensity of image ¢ at location(x, y), m X n is the size of section.

Higher value of SF represents more information content.

4.3.4 Exposedness

Exposedness reflects exposure level of a section in a source image. Darker sections in
under exposed image and brighter sections in over exposed image have improper
exposure level and very little information about the underlying details. To exclude these
undesired sections and to replace them with normal exposure sections (obtained from

other source images), exposedness factor is adopted in the present technique.

The mean value of region is used as exposedness of region, whereas intensity of pixel is
used as exposedness of pixel. For 8-bit image exposure level between "T' to '255-T" is
considered normally exposed. Where T represents threshold and its value can be
anywhere in between 10-30 [57]. The exposure level for image I having section of size

m X n is given by
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_ Z;nzl chl=1 I(xry)
mxn

EX (35)

4.4 Fusion of Global Layer:

Global layer (L;) holds the remaining low frequency components of source images after
removal of high frequency components. The proper selection of these low frequency
components are as important as the selection of high frequency components. Global layer
or low frequency component image holds very less intensity variations, which makes it

difficult to identify correct pixel.

In order to identify correct low frequency components, we have used normalized average
intensities of source images. The weights are calculated from these normalized average

intensities. For two source images ¢,¢, weights w;, w, are given as

_ Int1

W1 =T (36)
Wy =2 (37)
Int = Inty + Int, (38)
where Int; = Mi+z(x,y) ,Int, = Mi+z(x,y) and P X Q is the size of source image.

Global layer (L;) are combined together as weighted sum and described in Eq. (39)
Ly = [wy wp] X [Lg L,]" (39)
4.5 Fused Image

Fused Image (If) is finally constructed by combining fused local and global layer on

pixel-to-pixel basis. For multi-focus image fusion, fused local layer (refer Eq. (26)) and
fused global layer (refer Eq. (39)) are combined to construct fused image. For multi-
exposure image fusion, fused local layer (refer Eq. (31)) and fused global layer (refer Eq.

(39)) are combined to construct fused image.

where I; represents fused image.
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4.6 Grey and Color Source Images

The proposed algorithm can process both grey as well as color images. For grey source
images, ¢; is processed directly whereas for colour images, their luminance and
chrominance components are processed separately. Luminance holds the underlying
information of the image whereas chrominance holds the color information.
The RGB components of source images ( ¢;) is converted into luminance-chrominance

(YC,.Cp) and back to RGB by using following expressions [79]

Y = 0.299R + 0.587G + 0.114B
C, = 0.564(B — V)

C, = 0.713(R — Y) (41)
R =Y + 1.402C,

G =Y — 0.344C, — 0.714C,

B =Y + 1.772C, (42)

All processes of proposed technique like layers construction, layers fusion and fused
image are applied on luminance of source images. The chrominance is processed
separately to preserve the color information of the scene. We have combined

chrominance C;,, Cp, of source images as weighted sum. The weights are calculated based

on deviations of respective chrominance image. The image has more deviation has more

weightage and vice-versa, refer Egs. (24-25).
CTf = Zi WCr; X Cri: [ € [1,2 N] (43)
be = Zi WCbl X Cbi: i € [1,2 N] (44)

where i represents number of source images, WCr;, WCb; are weights and given by

dev(Cr.)

WCr; = ——4
Zidev(cri)

WCbi _ dev((:bi)
Yi dev(cbi)

Finally processed luminance and chrominance are combined together to move back into

RGB format.
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4.7 Algorithm

The flow of proposed multi-focus and multi-exposure fusion technique are presented in

algorithm form below. Fig. (4.4) represents the flow chart of the algorithm.

SOURCE IMAGES

SPLITTING OF IMAGE
(STEP-1)

LOCAL LAYER

COMBINED LOCAL LAYER
(STEP-2)

COMBINED GLOBAL LAYER
(STEP-3)

| FUSED IMAGE
(STEP - 4)

Fig. 4.4 Flow chart of proposed method

Algorithm: Block based multi-focus and multi-exposure fusion

Capture pre-registered images of scene at different exposure time and focused sections.
Input:
Pre-registered color source images (¢; pgp: i € [1, N]);
Begin
1. Colour image (¢; rgg) converted to (¢p;yc,c,)
Y; = 0.299R; + 0.587G; + 0.114B; ;
Cpi = 0.564(B; — Y¥;);

Cry = 0.713(R; — Y;);
Luminance (Y;) and Chrominance(Cy;, Cy;) processed separately;

Luminance
a. Split source images into Local and Global layer
Local layer: Iz; = 2?4:1 H;;;
Global layer: L; = Y; — Ipg;;
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b. Compute Local and Global fused image
i. Local fused image
Multi Focus: Inf = Inp1 - Iwwa + Infz - Twjwzs
Multi Exposure: I = Ing1-Lwws + Infa - Twiwes
ii. Global Fused image
Ly = [wy wp] X [Lg L,]";
c. Construct fused image
Ip = Ins + Ij5
Chrominance
d. Process chrominance
Crp= LiWCry X Cp5
Cpr = LiWCh; X Cp;;
2. Image (I;yc,c,) converted back to (I; ggp) using
R = I + 1.402C,;

G = I, — 0.344C, — 0.714C,;

End

Output:

Color fused image (I rgp);

4.8 Result and Analysis:

The proposed algorithm is tested on number of image sets in order to evaluate its
performance. The performance is evaluated by using objective evaluation techniques, as
in subjective evaluation view changes from person to person. The objective evaluation is
based on mathematical formula and provide concrete results. Various objective indices

are already discussed in chapter-3.

The algorithm is tested on randomly selected image sets in two ways. Firstly, effect of
block size on the fused image is tested and compared with other block based techniques.
This is done only for multi-focus image fusion. Secondly, quality of fused image is
evaluated by comparing it with state-of-the-art techniques for multi-focus as well as

multi-exposure image fusion.
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4.8.1 Multi-focus Image Fusion

The local layers is combined together by using block based fusion technique. The effect
of block based fusion is visible in two ways, Firstly the quality of fused image changes
with change in block size. Secondly, the intensity value along the edges of block, affects
the quality of fused image and it also deteriorate the visible appearance of an image.

Combining all this together is known as blocking effect.

The proposed method has shown improvement in terms of removal of blocking effects
while maintaining the quality of fused image. The addition of combined local layer over
global (base) layer decreased the impact of intensity values along edges and improves
the visible appearance. To test the effect of block size on the quality of fused image, we
have varied the block size and evaluate the quality of fused image using standard quality

indices. It is further compared with other block based techniques [8, 9]. Table 4.1 shows

. . AB
comparison chart in terms of Q /.

The comparison is done in two ways, Firstly, the value of QAB/ F is directly compared

with other block based techniques and it is observed that for all block sizes proposed

method (PM) has performed much better. Secondly, the deviation of values of QAB/ Fis
calculated for all block sizes (refer Table 4.1, column 10) to assess the effect on the

quality of fused image with change in block size. Deviation represents the deviation

of QAB/ F values of corresponding row. It is observed that deviation has a very small value
as well as less compared to other block based techniques suggesting that block size

variation has less (or negligible) effect on fused images.

Proposed method is further compared with some of the recent algorithms to show its
effectiveness. The state-of-the-art selected to be compared are MSVD [27], DCT [41]
and MFEF [42]. MSVD [27] is based on singular value decomposition and have
compared their results with wavelets. DCT [41] have used spatial frequency in DCT
domain and have compared with previous DCT based techniques and NSCT. MFEF [42]
is pixel based most recent technique. To test proposed method with these techniques,
three sets of images are used. First set has three sets of grey source images without
reference image; Boy, Pepsi and Disk. Second set contains two sets of grey source image

with reference image; circuit, building. Last set has one color image; grass. Two well-

e AB e
known non-reference objective indices Q /F and Ml and two reference objective indices
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PSNR and RMSE are adopted to verify the quality of fused images. Table-4.2 shows the
values of various quality indices and Fig. (4.11) represents its corresponding bar graph
with y-axis represents quality index scale and x-axis represents techniques under

comparison.

Table 4.1

Comparison chart for varying block sizes
Image  Method 8x8 16x8 8x16 16x16 16x32 32x16 32x32 Deviation

Boy BB [8] 0.5075 0.5133 0.5044 0.5074 0.5044 0.5021 0.4980 0.0048
ANN[9]  0.3289 0.3367 0.3597 0.3559 0.3574 0.3574 0.3574 0.0123

PM 0.6849 0.6825 0.6879 0.6839 0.6821 0.6832 0.6819 0.0021

Circuit BB [8] 0.5697 0.5645 0.5641 0.5611 0.5575 0.5589 0.5579 0.0044
ANN[9]  0.4484 0.4287 0.4374 0.4304 0.4244 0.4224 0.4187 0.0101

PM 0.7416 0.7417 0.7435 0.7422 0.7338 0.7419 0.7335 0.0042

Number of high frequency images (M) — 60, PM — Proposed Method

Fig. 4.5 “Image Boy,” source images and fusion results: a — b source images, ¢ — d corresponding local
layers, e — f corresponding global layers, g combined local layer, h combined global layer, i — n fused
images for PM, BB, ANN, MSVD, DCT, MFEF
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Table 4.2

Comparison chart on quality indices for multi-focus fusion

Image Method QABF MI PSNR RMSE
Boy MSVD [27] 0.4868 6.1849 Only applicable where
reference image is available
DCT [41] 0.5259 6.6338
MFEF [42] 0.6219 3.7390
PM 0.6849 6.2641
Pepsi MSVD [27] 0.6666 6.53006 Only applicable where
reference image is available
DCT [41] 0.6320 6.8613
MFEF [42] 0.5736 4.0979
PM 0.7620 7.0716
Disk MSVD [27] 0.5572 5.8261 Only applicable where
reference image is available
DCT [41] 0.5448 6.2488
MFEF [42] 0.6734 3.7837
PM 0.7127 6.4572
Grass MSVD [27] 0.5547 4.3536 Only applicable where
reference image is available
DCT [41] 0.5798 5.0336
MFEF [42] 0.6074 3.1665
PM 0.7291 5.4808
Building MSVD [27] 0.5744 5.2669 75.897 0.0411
DCT [41] 0.6267 6.4964 82.004 0.0203
MFEF [42] 0.7139 3.2683 67.256 0.1110
PM 0.7312 8.0571 89.055 0.0090
Circuit MSVD [27] 0.5108 5.0105 75.075 0.0451
DCT [41] 0.6561 6.0973 79.974 0.0257
MFEF [42] 0.6921 3.0311 70.244 0.0787
PM 0.7416 7.5504 92.059 0.0064

Number of high frequency images (M) — 60, Block size - 8 X 8, PM — Proposed Method
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Fig. 4.6 “Image Circuit,” source images and fused results: a — b source images, ¢ — h fused images for

PM, BB, ANN, MSVD, DCT, MFEF

(@)

(b)

(e)

Fig. 4.7 “Image Pepsi,” source images and fused results: a — b source images, ¢ — f fused images for PM,

MSVD, DCT and MFEF

Fig. 4.8 “Image Disk,” source images and fused results: a — b source images, ¢ — f fused images for PM,

MSVD, DCT and MFEF
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) (e)
Fig. 4.9 “Image Building,” source images and fused results: a — b source images, ¢ — f fused

images for PM, MSVD, DCT and MFEF

Fig. 4.10 “Image Grass,” source images and fused results: a — b source images, ¢ — f fused images for

PM, MSVD, DCT and MFEF
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Fig. 4.11 Bar graphs corresponding to Table 4.2, a Image ‘Boy’, b Image ‘Pepsi’, ¢ Image ‘Disk’, d

Image ‘Grass’, e Image ‘Building’, f Image ‘Circuit’
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Fig. (4.5) gives the view of entire sequence of algorithm using source image ‘Boy’. Fig.
(4.5(a-b)) represents the two source images, Fig. (4.5(c-d)) represents the corresponding
local layers, Fig. (4.5(e-f)) represents corresponding global layers, Fig (4.5(g)) represents
block based fused local layer, Fig. (4.5(h)) represents weighted sum of global layers, Fig.
(4.5(1)) represents the final fused image and remaining are fused images of state-of-the-
art techniques, refer Fig. (4.5(j-n)). Fig. (4.6-4.10) shows the fused images of other five

image sets.

From Table 4.2 it is clear that the proposed method has shown highest QAB/ F as well as
MI for all sets of images. For image sets circuit and building, where reference images are
available, peak signal to noise ratio (PSNR) is highest for both images. Image circuit has
shown more than 92% PSNR and root mean square error is lowest with large margin for

both the images.

4.8.2 Multi-exposure Image Fusion

The proposed method for multi-focus image fusion is further extended for multi-exposure
image fusion. To test multi exposure image fusion three sets of color images (Pond,
Cathedral and Garden) are used. The state-of-the-art selected for comparison are
Exposure Fusion (EF) [50], Median filter (MF) [57] and MFEF [42]. Exposure fusion
[50] is a classical multi-exposure image fusion method. MF [57] is pixel based method
and considered to check the performance of proposed method against tone mapping
techniques. MFEF [42] is a gradient based fusion method and most recent technique. To
evaluate the performance of proposed method, three quality indices Q*B*, VIFF and MI

are adopted to compare proposed method with state of art techniques.

Fig. (4.12-4.14), shows the results of proposed method on three image sets. Table 4.3
shows the results of quality indices and Fig. (4.15), represents the corresponding bar
graphs. For image pond, Q*®F and VIFF have highest value for proposed method and MI
is second highest (after MF). For image cathedral, proposed method has shown highest
value for all indices, and for image garden, proposed method has performed better in

terms of VIFF, MI whereas Q“P'F has similar results to EF.
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()
Fig. 4.12 “Image pond®,” Source images and fusion results: a — b source images, ¢ — d
corresponding local layers, e — f corresponding global layers, g combined local layer, h combined global
layer, i — 1 fused images for PM, EF, MF and MFEF

(b) (©)

(e)
Fig. 4.13 “Image cathedral,” source images and fusion results: a — b source images, ¢ — f fused images
for PM, EF, MF and MFEF
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(e)
Fig. 4.14 “Image garden,” source images and fusion results: a — b source images, ¢ — f fused images for
PM, EF, MF and MFEF

()

Table 4.3
Comparison chart on quality indices for multi-exposure fusion
Image Pond
Method QABF VIFF MI
EF [50] 0.7244 0.7825 5.2401
MF [57] 0.5799 0.4013 6.1086
MFEF [42] 0.5561 0.5250 3.2514
PM 0.7466 0.9027 5.8337
Image Cathedral
Method QABF VIFF MI
EF [50] 0.7351 0.5870 3.9738
MF [57] 0.3827 0.2564 5.3230
MFEF [42] 0.2702 0.2126 1.6684
PM 0.7918 0.8236 5.8923
Image Garden
Method QABF VIFF MI
EF [50] 0.7881 0.8098 5.2404
MF [57] 0.6888 0.3696 6.1600
MFEF [42] 0.6861 0.8619 4.2467
PM 0.7876 0.9263 6.2649

Number of high frequency images (M) — 50, Block size - 8 X 8, PM — Proposed Method
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Fig. 4.15. Bar graphs corresponding to Table 4.3, a Image ‘Pond’, b Image ‘Cathedral’, ¢ Image
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4.8.3 Controlling parameter M

Number of high frequency images (M), refer (1-2), act as controlling parameter, it
controls the information to be passed into fused image. Higher value of M transfers more
information from source images into local layer (I,f ). The computational time also
varies with change in value of M; image Grass (size 242 X 242) takes 0.15 sec and

0.9783 sec for value of M equal to 2 and 60, respectively.

The optimum value of M decided by user based on application. For real time operations
M can be in between 2 to 5, whereas for high quality fused image, M can be set anywhere
in between 60-80. Fig. 4.16 shows the variation in quality index QB with respect to M

for proposed method and MFEF [42].
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Fig. 4.16.Q*"" vs. number of high frequency images (M) for PM and MFEF: a MFIF, source image
‘boy’ b MEIF, source image ‘cathedral’
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Chapter — 5

Feature based fusion for dynamic range

5.1 Introduction

A scene varies largely by exposure level, therefore a single LDR (low dynamic range)
camera can never collect all underlying information of the scene. The captured image
may experience under or over-exposed areas due to high or low shutter speed of the
camera, respectively. High shutter speed or low exposure time results in information loss
in darker regions and vice-versa (refer Fig. 5.1). An image constructed by collecting
complementary information from varying exposure time LDR images (source images)
can preserve all the details of the scene. Two major approaches to perform the operation
are: HDR (high dynamic range) tone mapping and multi-exposure image fusion. LDR
source images are combined to construct HDR tone mapped image by extracting Camera
Response Function (CRF). Extraction of CRF requires additional information of source
images; like, exposure time and exposure value. Next, dynamic range of resulting tone

mapped HDR image is compressed to LDR while preserving details [80-84].

In multi-exposure image fusion, LDR images are combined directly by extracting
sections with high activity level to construct a fused image. The fused image is LDR or
‘HDR like’ image, which preserves all the details of source images without constructing

an HDR image. Fig. 5.2 shows block diagram of both techniques.

The proposed algorithm is spatial domain multi-exposure image fusion technique. It uses

the features of captured and pre-registered source images to synthesize fused image.

@ (b) ©
Fig. 5.1 Source images, ‘Garden’ a Low exposure time b Medium exposure time ¢ Large exposure time
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Fig. 5.2. Flow diagram for tone-mapping and multi-exposure image fusion

5.2 Disintegration of Image into three features

Variations in intensity of pixels are strong, weak or even negligible in different sections
of an image. We have separated them into three different features. Strong, weak and
negligible varying pixels are defined as high varying, low varying and constant

components respectively.

The combination of Gaussian filter and Recursive filter (RF) [85] is used to separate these
features. Gaussian filter is well known averaging filter, which smooth the variations to
constant level. The smoothness controlling parameter is standard deviation (o).
Recursive filter (RF) is an edge sensitive averaging filter, which smooths the variations
while preserving edges. This is performed by defining two variable parameters: standard
deviation in range (o,) and space (0). Standard deviation in space (g5) considers the
distance, while standard deviation in range (o,) consider the intensity of neighbour

region. In order to preserve the edges, value of g, needs to be kept small [85].

Let I; be the set of pre-registered N source images of size P X Q, wherei € 1....N. All
source images I; are filtered by RF (rf(:)) with pre-defined values of 6,4,05;. RF
preserves the edges or high varying features as per the value of g, and smooths low
varying features. So RF processed images (E;) holds high varying features and very low
varying or constant features. RF filtered images (E;) are further processed by a Gaussian
filter (gf () with defined value of g; to smooth retained high varying features. The
resultant images (B;) holds constant features only. Three features are extracted by
using I;, E;, and B;, refer Eq. (45-48). Fig. 5.3, represents the flow of application of these
filters.
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Ei=rf() (45)

Ly =1I; — E; (46)
B; = gf(E) 47)
H; = E;—B; (48)

where gf (+), rf () represents Gaussian and recursive filter, respectively.

HIGH VARYING FEATURES
(Hi)

LOW VARYING FEATURES
L)

’—» ( ) ‘ ‘ \ ‘ 'ﬁ
& RECURSIVE ¢ GAUSSIAN ¢
., | FLTER —* " | FLTER

SOURCE IMAGE (Ii) RF FILTERED IMAGE (Ei) CONSTANT COMPONENTS (Bi)

Fig. 5.3. Proposed flow diagram to extract high, low varying and constant components

Eq. (45) is the RF processed image and Eq. (47) represents the Gaussian filtering on E;.
The difference in source image (I;) and RF processed image (E;) separates the low
varying feature images (L;), refer Eq. (46). The difference in RF processed images E; and
Gaussian processed images G; extracts the high varying feature images H;, refer Eq. (48).

B; hold the constant features, refer Eq. (47).
5.3 Fusion of high and low varying feature images

High and low varying feature images (H;, L;) usually hold the edges and texture of source
images respectively. Fusion of these feature images is performed by extracting features
with maximum information and combining them. The extracted features are combined to

construct combined high (H) and low (L) varying feature image.

The simplest process to test underlying information of any pixel in feature image is to
use absolute maximum intensity value of pixel. The possibility of selecting noise instead
of informative pixel by using absolute maximum is more probable and thus makes it an
incorrect choice. Since neighboring pixels are interdependent, therefore testing pixels

along their neighbors is preferred. Neighbor Distance (ND) filter [29], a high pass filter
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based on oriented distance, considers surrounding pixels while testing the activity level.

Based on this, ND filter is adapted to test the activity level.

All feature images are processed with ND filter and corresponding high frequency values
are calculated for each pixel. Let the corresponding high frequency value be represented
as NDV. The NDV for high varying feature images (H;) and low varying feature
images (L;) are denoted as HNDV; and LNDV; respectively. The pixel with highest value

of NDV indicates that the corresponding pixel holds maximum underlying information.

All co-located pixels for high varying as well as low varying feature images are tested
for highest underlying information based on NDV calculated using ND filter. The pixel
with largest value of NDV among co-located pixels is selected and combined to construct
fused high varying and low varying feature images. Eq. (49-50) represent ND filtering
operation on H; and L;. Eq. (5§1-52) represents the construction of fused high (H) and

low varying (L) images.

HNDV;(p,q) = Kyp ® Hi(p,q); i €[1,N —1] (49)
LNDV;(p,q) = Kyp ® Li(p,q); i€[1,N—1] (50)
H(p, @) = Hi(p,q) for max (|HNDVi(p,q)) (51)
L(p,q) = Li(p,q) for max(|LNDVi(p,q)l) (52)

where N is number of source images, (p, q) represents pixel location, Kyp is ND filter

kernel and ‘®’ represents convolution process.
5.4 Fusion of constant feature images

The extraction of high (H;) and low (L;) varying feature images from source images
(¢;) leaves very small or no variations in intensity in source images. The remaining flat
images are the base images without frequency components and thus known as constant
feature images (B;). The selection of featured pixels for constant feature images are
equally important as for high and low varying feature images. The wrong selection of

pixels for constant feature images results in degradation of fused image.

To select pixels from B;, ND filter is applied on source images (¢;) and corresponding

high frequency value (NDV') is computed and denoted as BNDV;. BNDYV; is further used

62



to compute weights for all source images and normalized in the range of [0, 1]. These
weights are combined with constant feature images B; as weighted sum. Eq. (53)
represents ND filtering on the source images, and calculation of weights are given by
equations (54-55). Eq. (56) represents the weighted sum of constant feature images and

calculated weights, refer fig. (5.4(a)).

BNDVi(p,q) = Knp ® Ii(p,q) (33)

where Ky p is ND filter kernel.

wl;(p,q) = |IBNDV;(p, q)| (54)
1;(p, .

wi(p,q) = 5ot Pl i e [1,N] (55)

B(p,q) = Xitowi(p, q) X Bi(p, q)) (56)

where (p, q) represents pixel location.

(b)

@)
Fig. 5.4 Weights and fused image, a represents w; corresponding to Fig. 28(a), b represents RF filtered
image (wr;) of (a), ¢ Fused image corresponding to source images in Fig. (28) using w;, d Fused image

corresponding to source images in Fig. (28) using wr;

Fig. 5.4(a) shows the weights calculated using Eq. (55) for source image of Fig. 5.1(a).

It is clear that it has an abrupt variations in intensity. These calculated weights are
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combined with constant feature images, refer Eq. (56), and then to construct final fused
image (to be discussed next). The abrupt variations clearly affects the quality of fused

image, refer Fig. 5.4(c).

In order to smooth down these abrupt variations, calculated weights in Eq. (55) are
processed by RF with parameter (o,, and gy,), refer Fig. 5.4(b). The smooth weights
are combined with constant feature images to construct fused constant feature image. Eq.
(57) represents the processed weights and Eq. (58) represents the construction of fused

constant feature image by weighted sum of N constant feature images.

wr, =1f(wy,); x€[0,N— 1] (57)
where rf () represents RF filter.

B, (p,q) = X¥=oWr(p, @) X Bx(p, q)) (58)
Fig. (5.4(b)) and (5.4(d)) represent the weights and fused image respectively.

5.5 Fused image:

Final fused image is constructed by combining constant (B,.), low varying (L) and high
varying (H) fused images. Fused low varying image (refer Eq. (52)), fused high varying
image (refer Eq. (51)) and fused constant feature image (refer Eq. (58)) are combined on

pixel to pixel basis, refer Eq. (59).

Ir(p,q) =H(,q9) + L(p,q) + B.(p,q) (59)

where I; represents fused image.

5.6 Grey and Color Source Images:

The proposed algorithm processes both grey as well as color images. For color images,
RGB components are converted into luminance-chrominance (Y C,.C,), refer Eq. (41).
Luminance holds the underlying information of the image whereas chrominance holds
the color information. Both luminance and chrominance are processed separately and

converted back to RGB components, refer Eq. (42) [79].

For grey images, ¢; represents the grey scale intensity images. Whereas for colour

images, all operations are performed on luminance component. The chrominance
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components (Cy,, Cp,) of source images are processed by combining as weighted sum.

The weights for chrominance are calculated as deviation of each chrominance pixel; refer

(60-65).

C:(0.q) = 2o Wri(0, @) X Cri(p, q) (60)
C(p,q@) = ?’:o Wyi(p, @) X Cpi(p, q) (61)
W2(,0) = [(Cilp, @) = bc,)? (62)
W30, 0) = |(Coi(pr) i, )? (63)
Wyi(p,q) = 5ot (64)
Woi(,q) = 5pell (65)

where W,.; and W),; are the normalized weights, W?2,; and W3,; are un-normalized

weights, pic . and uc,. are means of corresponding chrominance images.

5.7 Algorithm:

This section presents the step by step operation of proposed multi-exposure fusion

technique followed by the algorithm.

The process of multi-exposure fusion technique is as follows

Step 1: Let pre-registered source images be (¢;; i € [1,N]) of size P X Q.

Step 2: RGB components are converted to Y C,-C;(Luminance - Chrominance) format
using Eq. (41).

In the following steps, step 3-6 processes luminance (Y;) and step 7-8 processes

chrominance (Cp;, C;). For processing grey images, chrominance part is not required.

Step 3: Separate H;, L; and B; from respective source images, refer section 5.2.

Step 4: Compute H, L using defined fusion rule, refer section 5.3.
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Step 5: Compute B, using defined fusion rule, refer section 5.4.

Step 6: H, L and B, are combined together on pixel to pixel basis to construct final fused

image, refer section 5.5.

Fig. (5.4), represents the fused image (luminance) for source images represented in Fig.

(28). For grey source images, this is the final fused image.

Step 7: Chrominance C,; and C,; are processed to retain the colour information, refer

section 5.6.

Step 8: Chrominance C,., C;, along with fused luminance Y (refer (16)) are combined on

pixel to pixel basis to get colour fused image, refer equation (42).

Algorithm: Feature based multi-exposure fusion

Capture pre-registered images of scene at different exposure time.
Input:
Pre-registered color source images (¢; rgp: i € [1, N]);
Begin
Colour image (¢; rgg) converted to (¢p;yc,c,)
Y; = 0.299R; + 0.587G; + 0.114B;;
Coi = 0.564(B; — ;) ;

Cri = 0.713(R; — Y;);
Luminance (Y;) and Chrominance(Cy;, C,;) processed separately;

Luminance

a. Extract three feature images H;, L;, B; from Y;

E; =rf(Y);
Li=Y, - E;
B; = gf (E});
H; = E; — B;;

b. Compute combined feature images
1. High varying feature image
H(p,q) = Hi(p,q) for max (IHNDV;(p,)1);

ii. Low varying feature image
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L, q) = Li(p,q) for max(|LNDVi(p,q)D);
iii.  Constant feature image

Br(p,q) = XiL,(wry(p,q) X B;(p, Q));

c. Construct fused image

Y(p,q) =H(p,q9) + L(p,q) + B, (p,q) ;
Chrominance
d. Process chrominance
G @) = LLiWri(, @) X Cri(p,9);
Gy @) = XL Woi(®, @) X Coi(P, @)
Image (I;yc,c,) converted back to (I; ggg) using
R =Y + 1.402C,;

G = Y — 0.344C, — 0.714C,;
B =Y+ 1.772C,;

End

Output:

Color fused image (I rgp);

5.8 Result and Analysis

The proposed method is tested on ten sets of random source images to evaluate its
performance. The performance is evaluated with mathematical formula based objective
evaluation techniques, unlikely to subjective evaluation which is person dependent.
Various objective indices are already discussed in chapter 3. Three indices are selected
to evaluate the performance: Mutual Information (MI) [74], Normalized Mutual

AB
Information (NMI) [75] and Edge-based Similarity Index (Q F) [76]. MI and NMI

AB
evaluate probability based information, and Q F evaluates edges transferred to fused

image.

The performance of proposed method is compared with state-of-the-art techniques: SIFT
[66], MFEF [42], and SPD [68]. SIFT [66] extracts local features which are used and
used to construct fused image. MFEF [42] performs fusion in gradient domain, which is

further processed by Haar wavelet to reconstruct fused image. SPD [68] decomposed
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source images into three components: signal strength, signal structure and mean intensity.

These three components are combined separately to construct a fused image.
5.8.1 Parameter Selection

There are five free parameters in the proposed method oy.4, 01, 0r;, 05, and gy
0,1 and g, decides the operation of recursive filter to extract the low varying features.
gy controls the averaging operation and is used to extract high varying features.
0,, and g, are variables for recursive filtering to smooth the abrupt variations in
weights. It is important to select optimum values for all the parameters through

experimentation.

In section 5.2 and step — 3 of algorithm, recursive filtering is done to smooth the source
images while preserving strong edges. To preserve strong edges, value of 0,.; should be
on the lower side. Therefore we proposed (0.01 — 0.05) range and selected 0.01 for
proposed method. In section 5.4 and step — 5 of algorithm, Recursive Filtering is used
to strongly smooth the weights without preserving edges, To implement this, o,, should
be on the higher side, therefore we proposed range of (0.9 — 1) and used 1 for proposed

method. Remaining parameters o, 05, and g, are selected by experimentation.

Initial values of standard deviation (range) is set to 0,4 = 0.01, g,, = 1 as per the defined
range. Firstly o, is analysed for all three selected quality indices by varying its value in
range (2 - 6) and keeping other two parameters (052, ag) at fixed. We will take two values
(50 and 100) of a5, and three values (0.35, 0.5 and 0.7) of g, to observe g;,. The results
are similar for all images, therefore results of two images, Mountain and Kluki, are only

reported here, refer Fig. (5.5(a-1)).
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Fig. 5.5 Graphs a-b Image: Mountain, Qabf50, Qabf100, c-d Image: Mountain, MI50, MI100, e-f Image:
Mountain, NMI50, NMI100, g-h Image: Kluki, Qabf50, Qabf100, i-j Image: Kluki, MI50, MI100, k-1
Image: Kluki, NMI50, NMI100

For each image, two figures per quality indices are plotted based on the values of g5,; €.g

AB
Fig. 5.5(a-b), Image: Mountain, represents values of Q F w.r.t g5, and at fixed value

of g,, = 50,100. Both figures represents three curves corresponding to three values
(0.35,0.5, and 0.75) of g4. Similarly Fig. 5.5(c-1) represents plots of other quality indices.

Each figure has three curves for corresponding fixed values of g,. All three quality

AB
indices (Q F,MI, NMI) performed similar and close observation suggest that the value

of gy, is appropriate in the range of (2, 2.5) and gy at 0.35. For this proposed method

o, 1s fixed at 2.5.

Same procedure is used to determine the range of remaining parameters. For fixed values

of 0,4 = 0.01, 0, = 1 and o5y = 2.5, the remaining two parameters, oy, and g, are

varied and analysed. We keep g, at 0.35 and vary o, from 10 to 300. Fig. 5.6(a-b)
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shows the plots for two source images, Mountain and Kluki. Each figure shows three

AB
curves corresponding to three quality indices (Q 7, MI, NMI).
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Fig. 5.6 Graphl a Image : Mountain b Image : Kluki

AB
The close observation shows that Q F remain constant for both images whereas MI and

NMI increase substantially. Therefore for better performance, value of oy, is fixed at
300. Next, gy is varied from 0.1 to 1.0 at following parameter values: 0,1 = 0.01, 0, =
1,041 = 2.5 and 05, = 300. Fig. 5.7(a-b), show the values of all three quality indices

and the appropriate range for gy is (0.1 —0.3). For our algorithm, we use g, = 0.2.

Image: Mountain, sigmar1=0.01, sigmar2=1, sigmas2=300 Image: Kluki, sigmar1=0.01, sigmar2=1, sigmas2=300
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Fig. 5.7 Graph2 a Image : Mountain b Image : Kluki
5.8.2 Experimental Results:

Proposed method is tested on ten random source images and compared with state-of-the-
art techniques [42, 66, 68] using selected quality indices. The parameter values selected
for implementing proposed algorithm are as follows: g,4 = 0.01, 041 = 2.5, 0,5, = 1, 05,

=300, g4 = 0.2. Source images along with fused images of proposed method and state-

AB
of-the-art techniques are shown in Figs (5.8-5.17). Quality indices Q F , MI and NMI are
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used to test the quality of fused images. Table 5.1 show the objective evaluation for all

fused images.

For source images ‘Garden,” ‘Building2,” ‘Garage,” ‘Landscape,’” ‘Cabin,” ‘Estate’ and

‘Kluki,’, Proposed method (PM) performs much better as compared to state-of-art

AB
techniques. For source images ‘Pond’, ‘Venice’ value of Q F is highest for SIFT [66],

whereas value of MI and NMI is highest for Proposed Method (PM). For images ‘Cave,’

AB
Q F is similar for proposed method, whereas SIFT [66] is better in terms of MI and NMI.

®
Fig. 5.8: Image ‘Garden’ and fused images a-c¢ Garden, represents source images with increasing
exposure time, d-g represents fused images for SIFT, MFEF, SPD and PM

© ® ®
Fig. 5.9 Image ‘Building2’ and fused images a-c¢ Building2, represents source images with increasing
exposure time, d-g represents fused images for SIFT, MFEF, SPD and PM
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®
Fig. (5.10) Image ‘Garage’ and fused images a-c Garage, represents source images with increasing

exposure time, d-f represents fused images for SIFT, MFEF, SPD and PM

(b)

®
Fig. 5.11 Image ‘Landscape’ and fused images a-c¢ Landscape, represents source images with

increasing exposure time, d-f represents fused images for SIFT, MFEF, SPD and PM

®
Fig. 5.12 Image ‘Pond’ and fused images a-¢ Pond, represents source images with increasing exposure

time, d-g represents fused images for SIFT, MFEF, SPD and PM
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Fig. 5.13 Image ‘Cabin’ and fused images a-c Cabin, represents source images with increasing exposure
time, d-g represents fused images for SIFT, MFEF, SPD and PM

Fig. 5.14 Image ‘Estate’ and fused images a-c Estate, represents source images with increasing exposure
time, d-g represents fused images for SIFT, MFEF, SPD and PM

®
Fig. 5.15 Image ‘Venice’ and fused images a-¢ Venice, represents source images with increasing
exposure time, d-g represents fused images for SIFT, MFEF, SPD and PM
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@

® ®
Fig. 5.16 Image ‘Cave’ and fused images a-c Cave, represents source images with increasing exposure

time, d-g represents fused images for SIFT, MFEF, SPD and PM

®
Fig. 5.17 Image ‘Kluki’ and fused images a-c¢ Kluki, represents source images with increasing exposure

time, d-f represents fused images for SIFT, MFEF, SPD and PM
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Comparison chart of quality indices for feature based fusion

Table 5.1

Method QAB/ F MI NMI Method QAB/ F MI NMI
Image : Garden Image : Building2
SIFT[66]* 0.7272 6.7272 0.9252 SIFT[66]* 0.6675 6.6316 0.9133
MFEF[42]* 0.7067 4.9798 0.6918  MFEF[42]* 0.5901 5.4878 0.7550
SPD[68]* 0.6585 7.3417 1.0112 SPD[68]* 0.5876 8.0833 1.0949
PM* 0.7419 8.4378 1.1719 PM* 0.6669 9.5835 1.3021
Image : Garage Image : Landscape
SIFT[66]* 0.7736 7.9364 1.1122 SIFT[66]* 0.7012 6.8049 0.9748
MFEF[42]* 0.7220 6.8623 0.9717  MFEF[42]* 0.6213 7.6463 1.0834
SPD[68]* 0.6866 8.2131 1.1842 SPD[68]* 0.5354 9.9376 1.3662
PM* 0.8013 9.9918 1.4434 PM* 0.7447 11.3580 1.5752
Image : Pond Image : Cabin
SIFT[66]*  0.6444 7.4259 1.0184 SIFT[66]*  0.7390 6.5897 0.8961
MFEF[42]*  0.4245 5.1156 0.7395 MFEF[42]*  0.6895 5.9183 0.8101
SPD[68]*  0.4252 6.6880 0.9366 SPD[68]*  0.6993 7.3498 1.0043
PM* 0.6143 7.8534 1.1057 PM* 0.7670 8.0960 1.1279
Image : Estate Image : Venice
SIFT[66]*  0.7092 9.8430 1.3858 SIFT[66]*  0.5938 4.4510 0.6144
MFEF[42]*  0.5635 6.2270 0.8695 MFEF[42]*  0.5359 5.1896 0.7139
SPD[68]*  0.5835 8.5968 1.2043 SPD[68]*  0.5129 6.6766 0.8967
PM* 0.7501 10.4996 1.4958 PM* 0.5317 7.1520 0.9697
Image : Cave Image : Kluki
SIFT[66]*  0.7544 7.4686 1.0804 SIFT[66]*  0.7444 6.0114 0.8229
MFEF[42]* 0.7220 4.9983 0.7620 MFEF[42]* 0.7431 6.5565 0.8940
SPD[68]*  0.5982 5.4493 0.8190 SPD[68]*  0.6264 8.3529 1.1171
PM* 0.7569 6.7519 1.0250 PM* 0.7790 8.6159 1.1820

*PM — Proposed Method, MFEF - Multi Focus and Exposure Fusion, SPD — Structural Patch Decomposition, SIFT — Scale Invariant

Feature Transform
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Chapter — 6

Region based multi-exposure image fusion

6.1 Introduction

In this chapter we propose another fusion technique to enhance dynamic range. The
proposed technique uses region based technique to synthesize fused image. Pre-
registered source images with varying exposure are combined to enhance the dynamic

range.

The lag in dynamic range of LDR camera images is due to under or over exposed
conditions. These conditions depend on shutter speed of the LDR camera. Shutter speed
is the time for which shutter remains open and allow the reflected waves to pass through
it. This time is also known as exposure time and is inversely related to shutter speed.
High shutter speed of camera means small exposure time, which results in underexposed
conditions in some sections of image. Similarly low shutter speed results in overexposed
conditions in some sections of image. These under or over exposed conditions on one
hand deteriorate some part of the image and on the other hand capture quality information
of remaining part. Fig. 5.1 shows three images with different exposure time. First image,
Fig. 5.1(a), clearly captures quality information of the sky, while losing other. Similarly,
Fig. 5.1(c) captures quality information of constructed portion but losses information of
the sky. Fig. 5.1(b) captures information in between for both the regions. The aim is to

transfer informative sections from different images to construct fused image.

() (b) ©
Fig. 5.1 Source images ‘garden’ a. low exposure time, b. middle exposure time, c. high exposure time.
(reproduced from chapter 5)

6.2 Division of scene into regions

The scene to be captured through multiple images is divide into three regions. The

identification of regions is done by using pixel intensity of captured images. The captured
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image contains three types of sections: darker pixels, brighter pixels, and pixels with
intensities between darker and brighter. The image captured at low exposure time darkens
the darker section of scene. The intensity of such pixels is close to ‘0’ and described as
darker pixels. Similarly high exposure time image brighten up the brighter section of
scene and intensity is close to ‘255°. These pixels are described as brighter pixels. Fig.5.1
represents three images with exposure time in increasing order. Fig. 5.1(a) is captured at
low exposure time and has large sections with pixel intensity close to 0. This area is
known as under-exposed area. Similarly, Fig. 5.1(c) is captured at high exposure time
and has large number of pixels having intensity close to 255 (for 8-bit image), and is

known as over exposed area.

The under and over exposed areas keeps pixel intensity flat and results in loss of
underlying information. In order to target these sections, we divide the scene (through
captured images) into three regions. Two regions target under and over exposed sections,
whereas third region covers remaining section. The pixel intensity of source images are
utilized to define these regions. These regions are termed as black region (B,.), white
region (I/,.) and grey region (G, ). Black region (B, ) cover pixels from lowest exposer
time image (refer Fig. 5.1(a)) with intensity value below ‘L’. White region (W) covers
pixels from highest exposer time image (refer Fig. 5.1(c)) with intensity above ‘255-L°
(for 8-bit image). Grey region (G, ) covers remaining pixels of scene having intensity in-

between ‘L’ and ‘255-L°. ‘L’ is a threshold value and varies from 10-30, refer [57].

The selection of ‘L’ is important in separating B, and W, from the source images. Many
researcher [57] have used the threshold value in range (10-30) in order to remove the
effect of under and over exposed pixels. We also use the same range for ‘L’. Eq. (66-68)
defines the division of scene into three regions by using the pixel intensity of source

images. Each region is represented by white pixels, refer Fig 6.1(a-c).

Let ¢; be the set of pre-registered N source images of size P X Q, wherei € 1....N. The
exposure time to capture these images are in increasing order; e.g. ¢, and ¢, are

captured at lowest and highest exposure time respectively.
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B.(p,q) = 1, if $:1(p,q) <L
0, else (66)

W.(p,q) = 1,if px(p,q) = 255 - L
0, else (67)

GT‘ (p: CI) = 1; lf Br(p: CI) :'t 1 and VVr(p; CI) '_’t 1
0,else (68)

where (p, q) represents pixel location.

Closer observation of Fig. (6.1(a-c)) suggest that the white region is not continuous and
essential condition for good image fusion. We use morphological operation [1] to make
the white region continuous or to create blob like structure. The structuring element (SE),

a matrix of defined size and shape, is used to perform these operations.

The opening operation is performed as erosion followed by dilation on target image. It
shrinks the foreground pixels (usually white pixels), refer Eq. (69). The closing operation
is done as dilation followed by erosion on target image. It is best suited to fill the black
spots inside the white section. It enlarges the boundaries of foreground pixels (usually

white pixels), refer Eq. (70).

Opening and closing operation for any image ¢; is as follows

¢ o SE=(¢; © SE) @ SE (69)
¢;*SE=(¢; @ SE) © SE (70)
11111
[1 1 1 1 1]
SE=11 11 1 1 (71)
11111
11111

where ‘o’ and ‘e’ represents opening and closing morphological operation.

We have used a closing operation to make the region continuous with SE as square matrix

of size 5 X 5, refer Eq. (71). The processed regions ((B;-), (W) and (G,.)) are shown in
Figs. (6.1(d-f)).

79



(d)

Fig. 6.1 Three regions represented by white pixels a. Black region B,., b. Grey region G,, ¢. White region

W,., d. Morphological Black region, e. Morphological Grey region, f. Morphological White region (SE =
5by5)

6.3 Frequency and base layer

The captured source images are splitted into two parts: frequency and constant
component image. Frequency components are the intensity variations of pixels whereas
constant component covers base information. There are many filters available in
literature to extract frequency components like Laplacian filter. Edge aware filters, like
bilateral filter [86] and anisotropic diffusion [87], are also useful in extracting frequency.
Filters like Laplacian has fixed set of kernels, whereas in edge aware filters value of

kernels can be varied. Thus edge aware filters are more useful than fixed kernel filters.

Bilateral filter and anisotropic diffusion are the two basic edge aware filters. Bilateral
filter uses the distance and intensity information to extract frequency components.
Whereas, partial differential equations are used to model anisotropic diffusion and
implemented as an iterative process to separate frequency components. Recursive Filter

(RF) [85] is another edge aware filter and works on the principle of bilateral filter.

We use Recursive Filter (RF) given its advantages like speed, direct operation on color
images. It has two variable parameter: deviation in space (g;) and range (o). The
deviation in space (o) uses the distance between the pixels, whereas deviation in range
(oy) uses the pixel intensity to perform the blurring while preserving edges. Parameters
o, and o, decide the level of blurring and preservation of edges. Specifically g, can be

used to extract intensity variations (frequency) of an image by varying its value.
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To extract intensity variations, value of g, is decremented from ‘1’ (for image intensity
normalized between [0, 1]) by predefined factor and information is extracted for each
step; e.g., source image ‘X’ is processed for values of g, = 1 and 0.9 using RF resulting
in images Y and Z respectively. The differences X-Y and Y-Z, allows to extract the
intensity variations lying in that range. Information in terms of intensity variations are
extracted by gradually decrementing the value of o,.. The extracted information is
combined together as frequency image. Further to exhaust the available intensity
variations in last processed image, it is processed with well-known Gaussian filter.
Deviation (o) is the controlling parameter. The intensity variations are separated from
Gaussian processed image and combined with frequency image, refer (72-74). The
combined frequency image is defined as frequency layer and remaining image is defined

as base layer.

Fig. 6.2, shows the frequency layer and base layer for source image ‘garden’, refer Fig.
5.1. Three parameters as, g, and step size (step), are the free parameters whose values
need to be fixed. Following pseudo code represents the construction of frequency (HF;)
and base layer (LF;) by setting values of g5, g, and step size (step) as 0.5, 1 and 0.05

respectively. Let ¢; be the set of pre-registered N source images of size P X Q, where i €

1...N.

o, = 0.5; 0, = 1; step = 0.05; HF; = 0;
Loop:r = 1:1: (1/step)
D; = RF(¢,,05,0.);
ifr=1 HFy = ¢, — Dy
else; HFjy = D1; — Dy;
end
D1; = D;;
o, = o0, — Step;
HF; = HF;; + HF;
End

G; = gaussian(Di; Ug)i

HF; = (D; — Gy) + HF; (72)
¢;=HF, +LF; i=12..,N (73)
LFy= ¢, — HF, (74)
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where HF;, LF; are frequency and base layer of it" image, ¢;is i*" source image.

RF(.) and gaussian(.) are recursive and Gaussian filtering respectively.

‘ -d
(a) (b) ()
(d)

(e) ®
Fig. 6.2 Frequency and base layer a-c. Constant layer for source images, Fig. 5.1(a-c), d-f. Frequency
layer for source images, Fig. 5.1(a-c).

6.4 Dense SIFT

Scale Invariant Feature Transform (SIFT) was first introduced by Lowe [88]. The method
extracts large number of unique features efficiently by using cascade filtering approach.
In first stage images are processed with difference of Gaussian (DoG) and stable features
are extracted across all scales. In second stage weak features among the selected features
are rejected. These features are described as key-point descriptors. Third stage extracts
gradient and eight directions orientation information of neighbor area around each
feature. For example, a region of 16 X 16 neighboring pixels divided into cell array
of 4 X 4. Each cell is a group of 4 X 4 pixel. The orientations of each cell is quantized
into 8 bins, resulting in 128 (= 4 X 4 X 8) dimensional feature vector per key point

descriptor.

These key-point descriptors holds the gradient information of its neighborhood area and
very useful in testing the activity level of pixel or region. However non-uniformity of
key-point descriptors restricts its use in image fusion. Dense SIFT [89] is a SIFT based
feature extraction method but unlike to SIFT consider all pixels as a key-point
descriptors. This makes Dense SIFT useful in testing the activity level of pixel or region.
The gradient information is calculated for all descriptors as per SIFT. Each pixel has

gradient information in term of 128 (= 4 X 4 X 8) dimensional feature vector (f;.) per
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pixel, refer Eq. (75). All these features per pixel are added together to represent the
activity level of each pixel (F,), refer (76).

fr(®,q) = [fo - f127] (75)
E,@® q) = X:20lf] (76)

where (p, q) represents the pixel co-ordinate.

6.4.1 Activity Measurement of Regions

Dense SIFT calculates the gradient information of all key-point descriptors (pixels), refer
Eq. (76). To use it for region, features per pixel (Fp) for all pixels are combined together
to reflect the activity level of region. This information is defined as feature value (FV).
The proposed method has divided the scene into three regions (B,., W, G,), refer section

(6.2). The feature value (FV) of all three regions for i‘" image is as under

FVp; = ZRegionBF ;i€[1,N]

FVy; = ZRegionWF ;i €[1,N]

FVgi = YRegionc Fp; L €[1,N] (77)

where FVg;, FVy;, FVg; are the activity levels of black, white and grey regions of

it" source image, respectively.

6.5 Fusion of Frequency Layer

All source images (¢;) are splitted into frequency (HF;) and base layer (LF;), refer Eq.
(72-74). Frequency layers are fused together using region based fusion. Three regions
are defined as black region (B,.), white region (I#}.) and grey region (G,.), refer Eq. (66-
68). All frequency layers are tested for activity level over these three regions. For each
defined region, the region with maximum feature value (FV') from respective frequency

layer is selected for fusion, refer (78-80).
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HLg = (HF;.* B,) max FVp; (78)

1<i<N

HLw = (HF.x W) max FVy; (79)
<I<

HLg = (HF.x G,) max FVg (80)
<i<

where “.*’ represents pixel to pixel multiplication.

HF;.x B, represents the separation of black region from respective frequency layers

(HF;) and similarly for white and grey regions.

The selected three regions from frequency layers are combined together on pixel to pixel

basis, refer Eq. (81).
HLpysea = HLg + HLy + HLg (81)
6.6 Fusion of base layer

Base layer (LF;)is the remaining information of source images after separating
frequency layer (HF;) in terms of intensity variations. The base layer usually holds very
less or no variations in intensity. The best way to fuse base layers is to fuse them as
average of all base layers. Weighted sum is another way to combine base layers in which
weights are allotted to all base layer pixels. We have tested both strategy and defined in

following equations

Bqused,l = Zi Wi.BL;; i€ [1’ N] (32)
FV;
LSS (83)

where FV; = FVg; + FVy,; + FV;; and W; is the weight allotted to respective base layer.
1 .
Bqused,Z = (E) Zi BL;;i€[1,N] (34)

BLgysea, and BLgyseq 2 are the fused base layer by using weighted sum and average sum

respectively.
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6.7 Fused Image

The fused frequency layer (FLjys0q) and base layer (BLfyseq) are combined together on

pixel-to-pixel basis. Based on type of base layer used, proposed method construct two

fused image, refer Eq. (85-86).

Ifused,l = Fquse + Bqused,l (85)
Ifused,z = Fqused + Bqused,Z (86)
6.8 Algorithm

This section presents the step by step operation of proposed multi-exposure fusion

technique followed by the algorithm. Fig. 6.3 represents the flow of algorithm.
The process of proposed technique is as follows

Step 1: Let (¢;; i € [1, N]) be the pre-registered source images of size P X Q.

Step 2: Divide scene into three regions (B, W, and G,) using pixel intensity, refer

section 6.2.

Step 3: Split each source image into frequency (HF;) and base (LF;) layer, refer section
6.3.

Step 4: Calculate activity level for each region (FV') using Dense SIFT, refer section 6.4.

Step 5: Compute fused frequency layer, refer section 6.5.

Step 6: Compute fused base layer, refer section 6.6.

Step 7: Compute final fused image by combining fused frequency and base layer, refer

section 6.7.
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Algorithm: Region based multi-exposure fusion

Capture pre-registered images of scene at different exposure time.
Input:

Pre-registered color source images (¢; rgp: i € [1, N]);

Begin

1. Construction of three regions (B,, W, and G,) using pixel intensity of source
images

B.(p,q) = 1, if p:(p.q@) <L
0, else

W.(p,q) = L,if ¢n(p,q) = 255—L
0, else

Gr (p,@) =1, if By(p,q) # Land W;(p,q) # 1
0, else
These three regions are processed with morphological closing operation to create
blob like structure. Colour images are converted into grey images for region
identification.

2. Split each image into frequency (HF;) and base layer (LF;) using Recursive filter
¢, =HF; +LF;; i=12..,N

3. Calculate feature value (FV') of regions using features per pixel (Fp). Dense SIFT

is used to calculate F,
FVp; = ZRegionB E, ;i €[1,N]
FVy; = ZRegionWF ;i €[1,N]
FVg = ZRegion chp; i €[1,N]
4. Compute region based frequency layer fusion

HLp = (HF;.* B,) max FVp;

1<isN

HLy, = (HF;.x W,) max FVyi

HL; = (HF;.* G,) max FVg;

HquS@d = HLB +HLW + HLG

5. Compute fused base layer using weighted and average sum
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BLfyseas = XiWi.BL;; i€ [1,N]
Blyuseaz = () Xi BLi; i€ [1,N]
6. Compute fused image using fused frequency and base layer
Irusean = FLgysea + BLgysean
Irused,2 = FLgysea + BLgysea,2

End

Output:

Color fused image (Iryseq,rcp);

FUSED BASE LAYER

BASE LAYER

SOURCE IMAGES

FUSED IMAGE

FREQUENCY LAYER -
ot

I FUSED FREQUENCY
LAYER

THREE REGIONS

Fig. 6.3 Flow of Algorithm

6.9 Result and Analysis

Proposed method is experimented on 14 random set of images. Performance of proposed

method is evaluated by using objective evaluation technique. Various objective indices

are available and discussed in chapter 3. Four indices selected to perform the qualitative

analysis are Mutual Information (MI) [74], Normalized Mutual Information (NMI) [75],

Edge-based Similarity Index (Q“48/F) [76] and Structure similarity-based metric (SSIM)

[77]. MI and NMI evaluates probability based information. Q“Z/F evaluates edges

transferred from source images to fused image. SSIM tested the structural information of

fused image.
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The state-of-the-art selected for comparing proposed method are gradient domain based
(MFEF) [42], patch based (SPD) [68], block based (BB1) [90] and recursive filter (RG)
[91]. MFEF [42] performs fusion in gradient domain and processed by Haar wavelet to
reconstruct fused image. SPD [68] fused images using three components: signal strength,
signal structure and mean intensity. BB1 [90] is block based fusion using local and global

layer. RG [91] is feature based fusion technique.
6.9.1 Parameter Selection:

There are five free parameters for this proposed method: L, structuring element (SE) size,

3

step size (step), g5, and g,. ‘L’ plays a role in dividing scene into three regions using
source images. The range for ‘L’ is ‘10-30° [57]. Since, it has been observed that the
performance remain same in the specified range therefore we have selected ‘10’ for our
algorithm. Structuring element (SE) is a matrix of size 3 X 3 or 5 X 5 with value ‘1. We

have adopted 5 X 5 size for structuring element.

Step size (step) defines the value by which o, is decremented to separate frequency
components from source images. We have selected ‘0.05° value, sufficient small value
to give sufficient number of steps for separating frequency components. Remaining two
variables g;, g4 are responsible for blurring the image and to keep blurring at moderate

level we have selected their values as 0.5, 0.35 respectively.
6.9.2 Experimental Results:

Experimentation is performed on randomly selected images using defined values of

parameters. Objective evaluation is done by comparing their results with state-of-the-art

techniques. Quality indices QAB/ F, MI, NMI and SSIM are used to test the quality of
fused images. Fig. (6.4-6.17) shows the results of selected source images. Table 6.1 show

the objective evaluation for all fused images.

The proposed method has two strategies based on base layer fusion and termed as PM-I
and PM-II. PM-II represents the use of weighted sum for base layers whereas PM-I
represents the use of average sum of base layers. The comparison is performed by first

comparing PM-II with state-of-the-art and then PM-II is compared with PM-I.

Table 6.1 shows that performance of PM-II, in comparison with state-of-art, is better for

following images: Garden, Estate, Cabin, Landscape, Mountains, Sunset, Building2,
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Garage, Pond and Kluki. For remaining images, performance is similar except for
Q4B/F_ The comparison between PM-I and PM-II by referring Table 6.1 suggest that
PM-II performed better than PM-I on the basis of MI, NMI, and SSIM. Whereas in terms
of Q4B/F PM-I performed better.

)
Fig. (6.4) Image ‘Garden’ and fused images a-c¢ Garden, represents source images with increasing
exposure time, d-i represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.

®
Fig. (6.5) Image ‘Gasmire’ and fused images (a-c) Gasmire, represents source images with increasing
exposure time, (d-i) represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.
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®
(h) @
Fig. (6.6) Image ‘Estate’ and fused images a-c Estate, represents source images with increasing exposure
time, d-i represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.

(€3] (h)
Fig. (6.7) Image ‘Cabin’ and fused images (a-c) Cabin, represents source images with increasing
exposure time, (d-i) represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.
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g (b
Fig. (6.8) Image ‘Cave’ and fused images a-c¢ Cave, represents source images with increasing exposure
time, d-i represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.

® (h) ' 6)
Fig. (6.9) Image ‘Lighthouse’ and fused images a-c¢ Lighthouse, represents source images with
increasing exposure time, d-i represents fused images for MFEF, SPD, RG PM- I and PM-II.
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(€] (h) @
Fig. (6.10) Image ‘Landscape’ and fused images a-c¢ Landscape, represents source images with
increasing exposure time, d-i represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.

® (h) (U]
Fig. (6.11) Image ‘Sunset’ and fused images a-c Sunset, represents source images with increasing
exposure time, d-i represents fused images for MFEF, SPD, RG, PM- I and PM-II.
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©® ) T
Fig. (6.12) Image ‘Building2’ and fused images a-c Building2, represents source images with increasing
exposure time, d-i represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.

e

Fig. (6.13) Image ‘Garage’ and fused images (a-c) Garage, represents source images with increasing
exposure time, (d-i) represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.
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®
Fig. (6.14) Image ‘Pond’ and fused images a-c Pond, represents source images with increasing exposure

time, d-i represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.

(b U]
Fig. (6.15) Image ‘Tumski’ and fused images (a-c) Tumski, represents source images with increasing
exposure time, (d-i) represents fused images for MFEF, SPD, BB, RG PM- I and PM-II.
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Fig. (6.16) Image ‘Kluki’ and fused images a-c Kluki, represents source images with increasing exposure
time, d-i represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.

(h)
Fig. (6.17) Image ‘Mountains’ and fused images a-¢c Mountains, represents source images with
increasing exposure time, d-i represents fused images for MFEF, SPD, BB, RG, PM- I and PM-II.

95



Table 6.1

Comparison chart of quality indices for region based fusion

Method QAB/F MI NMI SSIM QAB/F MI NMI SSIM
Image : Garden Image : Gasmire
MFEF[42]*  0.7067  4.9798 0.6918  0.6949 0.6094 5.4507  0.7889  0.6304
SPD[68]*  0.6585  7.3417 1.0112  0.7762 0.5785 6.7549  0.9579  0.6907
BBI1[90]*  0.6906  7.5474 1.0558  0.8409 0.6128 7.1086  1.0345  0.6548
RG[91]* 0.7419  8.4378 1.1719  0.7964 0.6515 6.2818 09112  0.6094
PM - I* 0.7445  8.1138 1.1246  0.7933 0.6521 4.1838  0.6197  0.5521
PM - II* 0.7249  10.7856  1.5050  0.8156 0.5980 9.7023 1.4026  0.6758
Method Image : Estate Image : Cabin
MFEF[42]*  0.5635  6.2270 0.8695  0.8293  0.6895 5.9183 0.8101  0.6842
SPD[68]*  0.5835  8.5968 1.2043  0.8608  0.6993 7.3498 1.0043  0.6868
BBI[90]*  0.6845  9.6544 1.3666 09125  0.6890 7.2870 1.0162  0.8079
RG[91]* 0.7501  10.4996 1.4958 0.8797 0.7670 8.0960 1.1279  0.7295
PM - I* 0.7554  10.5319 1.4944 0.8790  0.7583 8.0142 1.1171  0.7302
PM - II* 0.7565 129356  1.8310 0.8885  0.7461 10.6894  1.4733  0.7639
Method Image : Cave Image : Lighthouse
MFEF[23]*  0.7220  4.9983 0.7620  0.5808  0.5727 6.4011 0.9104 0.7252
SPD[24]*  0.5982  5.4493 0.8190 0.5073  0.4733 9.3407 1.2795  0.8332
BB[26]* 0.6831  4.7595 0.7722  0.8095 0.6115 10.0945  1.3927  0.8295
RG[30]* 0.7569  6.7519 1.0250  0.5984  0.6147 7.3308 1.0245  0.7742
PM - I* 0.7565  6.3947 0.9658  0.6259  0.6175 6.7296 0.9593  0.7295
PM - II* 0.5553  9.1381 1.3830  0.6522  0.5496 11.8506  1.6498  0.8130
Method Image : Landscape Image : Mountains
MFEF[23]* 0.6213  7.6463 1.0834  0.7869  0.6425 5.6793 0.8398  0.6724
SPD[24]*  0.5354  9.9376 1.3662  0.8498  0.6059 9.4093 1.4095  0.7300
BBJ[26]* 0.6115 10.0945 13927 0.8295 0.7429 10.2705  1.5576  0.7104
RG[30]* 0.7447  11.3580  1.5752  0.8410  0.7892 6.4759 0.9993  0.6587
PM - I* 0.7498  10.6775 1.4889 0.8352 0.7914 5.0419 0.7893  0.6162
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PM - II* 0.7351  14.1964 1.9622 0.8564  0.7883 12.3605 1.8663  0.7179

Method Image : Sunset Image : Building2

MFEF[23]* 0.4774  6.1806 0.8600  0.7955  0.5901 5.4878 0.7550  0.7415
SPD[24]*  0.4839  10.1504 13917 0.8191 0.5876 8.0833 1.0949  0.8430
BB[26] 0.6051 11.0518  1.5255 0.8737  0.6299 9.1159 1.2484  0.8576
RG[30]* 0.6082  9.4944 1.3092 0.8316  0.6669 9.5835 1.3021  0.8291
PM - I* 0.6155  9.0790 1.2592  0.8284  0.6680 9.3218 1.2616  0.8290

PM - II* 0.5889  13.2280  1.8095 0.8357  0.6375 11.6358  1.6024  0.8449

Method Image : Garage Image : Pond

MFEF[23]*  0.7220  6.8623 0.9717  0.8697  0.4245 5.1156 0.7395  0.6479
SPD[24]*  0.6866  8.2131 1.1842  0.9479  0.4252 6.6880 0.9366  0.7303
BB[26] 0.7286  9.6469 1.3993 09836  0.6001 6.4876 0.9302  0.8389
RG[30]* 0.8013  9.9918 1.4434 09622  0.6143 7.8534 1.1057  0.7591
PM - I* 0.7939  10.0872  1.4651 0.9640  0.6226 7.5660 1.0582  0.7609

PM - II* 0.7807  12.1687  1.7594  0.9811  0.5446 9.4500 1.3307  0.7981

Method Image : Tumski Image : Kluki

MFEF[23]*  0.5864  6.6836 0.9326 0.8114  0.7431 6.5565 0.8940  0.6832
SPD[24]*  0.4666  10.05 1.3913  0.8549  0.6264 8.3529 1.1171  0.7815
BB[26]* 0.6012 113232 1.5771 0.8970  0.7041 10.3523  1.3820  0.7909
RG[30]* 0.6055  8.7795 1.2246  0.8574  0.7790 8.6159 1.1820  0.7436

PM - I* 0.6103  8.1940 1.1536  0.8569  0.7743 8.0747 1.1023  0.7228

PM - II* 0.5587  13.5664 1.8716  0.8562  0.7404 13.9196  1.8607  0.7657

*PM — I - Propose Method (normal average), PM — II - Proposed Method (weighted average), MFEF - Multi Focus and Exposure Fusion, SPD —
Structural Patch Decomposition, BB1 — Block based Method
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Chapter 7
Conclusion and Future Scope

7.1 Conclusion

The underlying information of scene captured by low dynamic range camera (LDR)
suffered from lack of focus as well as low dynamic range. Image fusion is one of the

inexpensive solution to increase the focused section and dynamic range.

In image fusion, multiple images are captured of same scene with different parameter
settings like different focus points or shutter speed. The sections with most activity level
are extracted and combined to synthesize the fused image. We have proposed three fusion
techniques to combine multiple focus and exposure images to address lack of focus and
dynamic range. These three fusion techniques have used predefined block, features and

regions.

Block based technique, is intended to fuse differently focused images and further
extended for exposure images. The captured images are splitted into local and global
layers. These layers are processed separately to synthesize fused image. The outcomes

of block based fusion are

e Proposed technique is based on spatial domain operations. Unlike to transform
domain techniques, it doesn’t suffered from data loss.

e Neighbour distance filter extracts frequency information on multi-scale basis by
zero padding kernels. The image is free from up-sampling and down sampling
process and thus less prone to shift-variance.

e Blocking effects are less visible.

e Controlling parameter ‘M’ gives liberty to choose between speed and quality.

Feature based technique is to address low dynamic range. The combination of Gaussian
and recursive filter extract three features, high varying, low varying and constant
features. These features are processed separately and combine together to synthesize

fused image. The outcomes of feature based fusion are

e All operations are performed in spatial domain.
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e C(lean extraction of features by using combination of Gaussian and recursive
filters.

e Three level activity levels testing of image based on three features gives best
chance to select best part of captured image.

e Less affected by blocking effects.

Region based technique is to address low dynamic range. An image is splitted into
frequency and base layer based on intensity variations by using recursive filter. Three
regions of scene are defined by using intensity of captured images. Finally region based

fusion is performed to synthesize fused image. The outcomes of region based fusion are

e All operations are performed in spatial domain.

¢ A unique three region theory is proposed.

e SIFT is used to identify the activity level of regions.

e Less dependence on region separation algorithm, unlike to region based fusion

techniques.

All proposed techniques are tested on randomly selected differently focused and

exposure images. Objective evaluation based on probability like Mutual information and

AB
edges like Q F are used to evaluate the quality. The evaluation is also compared with

state-of-the-art techniques.

As a conclusion of this research work, we are able to develop spatial domain fusion
technique based on arbitrary shapes or features. The techniques have performed well as
compare to state-of-the-art technique. We are able to reduce the effect of blocks, reduces
the dependence on region algorithm. In region based fusion technique, we are able to

process color images directly.

7.2 Future Scope

The image fusion technique depends on two factors; extraction of frequency information
and activity level testing. Quality of fused technique will increase by improving any one
or both factors. Therefore, we would like to see improvement in both the factors in future.

We would also like to see more technique that would directly operate on color images.
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Annexure — 1
Image Details

Image Size Format Courtesy
Boy 632 X 474 x 1 JPEG [102]
Building 720 X 480 x 1 JPEG [103]
Building2 800 x 114 x 3 JPEG [105]
Circuit 720 X 480 x 1 JPEG [103]
Cathedral 768 X 1024 % 3 JPEG [109]
Cabin 221 x332x%3 JPEG [106]
Cave 870 x 653 x 3 JPEG [105]
Disk 640 x 480 x 1 BMP [108]
Estate 870 x 489 x 3 JPEG [105]
Garden 870 x 578 x 3 JPEG [105]
Grass 242 X 242 X 3 JPEG [104]
Garage 348 x 222 %X 3 JPEG [66]
Gasmire 700 X 467 X 3 JPEG [106]
Kluki 870 x 580 x 3 JPEG [105]
Landscape 790 X 526 X 3 JPEG [107]
Lighthouse 796 X 529 x 3 JPEG [107]
Mountains 870 x 578 X 3 JPEG [105]
Pepsi 512 x 512 x 1 TIF [102]
Pond 800 x 533 x 3 JPEG [105]
Sunset 870 x 577 X 3 JPEG [105]
Tumski 870 x 580 x 3 JPEG [105]
Venice 790 X 526 X 3 JPEG [107]
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