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Abstract

In the grand scheme of Industry 4.0, the employment of modern intelligent digital technology

has been utilised to facilitate industrial production, leveraging automation to elevate production

e�ciency. Building upon this, Industry 5.0 takes a step forward, accentuating the concept of

human-machine symbiosis. It directs its focus on augmenting human performance within the

industry, mitigating errors made by workers, and honing the overarching performance of human-

machine systems. Across various manufacturing domains, an escalating demand for this level of

automation has been noticed. One such area is the speciality steel industry, whose tasks are the

primary consideration of this dissertation.

Speciality steel rolling forms the backbone of industrial sectors as diverse as aerospace

and oil and gas. The key to the sustained survival of steel plants hinges on the digitalisation of

the rolling process. Despite this, a signi�cant number of steel rolling plants in the present day

continue to place a heavy reliance on human operators to oversee and regulate the manufacturing

process.

With a view to securing the safety of workers in high-risk factory environments and op-

timising the control of steel production, this dissertation puts forth machine vision approaches.

These are aimed at supervising the direction of hot steel sections and remotely gauging their

dimensions, both conducted in real-time. This dissertation further contributes a novel image

registration approach founded on extrinsic features. This approach is then amalgamated with

frequency domain image fusion of optical images. The resultant fused image is designated to

evaluate the size of high-quality hot steel sections from a remote standpoint.

With the integration of the remote imaging sizing module, operators can stay abreast of the

section dimensions in real time. Concurrently, the mill stands can be pre-adjusted to facilitate

quality assurance. The e�cacy of the developed approaches has been tested over real data,

delivering an accuracy rate exceeding 95%. This suggests that the approach not only ensures

worker safety but also contributes signi�cantly to the enhancement of production control and

e�ciency in the speciality steel industry.
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Chapter 1

Introduction

Computer Vision (CV) is one of the popular �elds in machine learning. With the development of

deep learning, some deep learning methods are used in the computer vision �eld. However, some

traditional feature extracted methods and decision-making methods still have some advantages

compared to deep learning methods. My work aims to create and develop the vision algorithms,

which are applied in the industry and manufacturing �elds.

Automation has become one of the essential aspects in modern industry and manufacturing

ever since the �rst moving assembly line built by Ford in 1913 [64]. In recent years, machine

learning becomes more and more popular. In the industrial 4.0 vision, modern intelligent digital

technology can enable industrial production, automate production, and increase productivity.

On this basis, Industry 5.0 emphasizes the symbiosis of human-machine cooperation, focusing

on improving human performance in the industry, preventing worker errors, and optimizing the

overall performance of human-machine [31]. As an embracement of machine learning, computer

and machine vision technologies have witnessed fast applications in a wide range of areas - from

the automobile production to aircraft manufacturing, etc. They have made quite good results in

practical applications in the industry due to the real-time, highly e�cient capabilities to deliver

accurate results by fusing various sensor data. The next following subsections will cover the

di�erent popular research directions of computer vision and their applications in manufacturing

�elds.

1.1 Motivation

Speciality steels rolling plays a critical role in industrial sectors such as aerospace, oil and gas.

Speciality steels also referred to as alloy steel include additional alloyed elements that grant

distinct properties to the �nal product. These steels are speci�cally engineered to o�er superior

performance under particular conditions according to ISO 4948/21981 standard.

Digitalisation of the rolling process is considered as a key to the long-term viability of
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steel plants.

The quality standards for ingots, as well as steel sections which are manufactured from

ingots, strictly set an upper limit on the �nal quality of all products in downstream industries.

Despite the wave of digitalisation, a lot of nowadays steel rolling plants are still heavily relying

on human operators to control and monitor the manufacturing/rolling process. It has been

shown that the long-term exposure to a high-temperature, intense light environment in steel

factories could cause injuries, particularly to eyes [25].

The production of Hot Rolled Bar (HRB) has both high capital and operational costs,

which are further increased by yield losses when dimensions do not conform to tight speci�ca-

tions. Traditionally, contact measurement techniques such as callipers, mechanical gauges or

chalk-marked rods are used to measure the HRBs. Although these methods can get the di-

mension with a certain accuracy, they are most likely to put human workers in a hazardous

environment. One additional drawback is that the measurement is usually performed at the

very last stage of rolling.

In the process of automatic rolling, the real-time and automated non-contact detection and

measurement of steel sections on the production line can be taken as a way to assure quality and

eventually avoid hazards for operators and �nancial loss due to errors during the manufacturing

process. For instance, Zhou et al. [73] propose an approach for online diameter estimation

of hot forgings. A fast measurement method based on feature line reconstruction of stereo

vision is developed to increase the calculation speed. A considerable measurement accuracy is

demonstrated, but the approach requires good lighting conditions and high-precision camera

calibration.

1.2 Thesis Structure and Contributions

The chapters of the thesis are laid out as the following order.

ˆ Chapter 2 - Literature Review.

Chapter 2 is the literature review, which �rst introduces the technology related to the

steel production process. Then the relevant algorithms of visual measurement are intro-

duced and discussed. The image edge detection, registration, and fusion algorithms are

also analyzed.

ˆ Chapter 3 - Edge Detection.

Chapter 3 introduces two experiments of visual measurement with monocular cameras.

The images taken by thermal and optical cameras are used, respectively, for visual mea-

surement to measure the diameters of the steel sections on the production line of the steel

plant.
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ˆ Chapter 4 - Image Registration.

Chapter 4 introduces the experimental process of image registration using dual optical

cameras and the virtual checkerboard. Through this method, the measurement plane and

object plane can be matched adaptively.

ˆ Chapter 5 - Image Fusion.

Chapter 5 is the image fusion experiment after image registration. Di�erent image fusion

methods are tested to improve the e�ect of visual measurement.

ˆ Chapter 6 - Pattern Recognition

Chapter 6 introduces a classi�cation case in an actual steel plant. For the purposes of

automating the steel rolling process, the direction of the ingots placed on the production

line needs to be determined. If the top of the ingot (the one with the 'Brain' pattern) is

facing the camera, it needs to alert the sta� to change the ingot direction in time. Wrong

ingot direction can a�ect the performance of �nished steel and lead to a scrap of steel.

ˆ Chapter 7 - Conclusions

Chapter 7 is the conclusions and the future works.

Main Contributions

The main contributions of this dissertation are the following:

i ) A new approach for remote steel dimension measurement is introduced, which utilises

a monocular thermal imaging camera as the input source. By incorporating environmental

reference objects as points of reference, this method e�ectively bypasses the need for the tradi-

tional calibration process. The introduction of this non-conventional approach demonstrates a

signi�cant step towards enhancing the e�ciency and accuracy of steel dimension measurements.

ii ) An alternative method for the remote measurement of steel dimensions is suggested,

deploying a monocular optical camera as the primary input. The camera is pre-calibrated

using a checkerboard, ensuring precise measurements. Additionally, the study proposes an

analytical approach based on weighted variance, providing a robust method for scrutinising

the measurement process. This dual-pronged approach e�ectively enhances the accuracy and

reliability of remote steel dimension measurements.

iii ) A new two-camera-based approach for hot steel section remote sizing is proposed, by

embedding e�cient image fusion methods. The approach is robust to environmental changes,

which include high temperature, evaporation and other sources of noise. It achieves high preci-

sion results for non-contact measurements in medium-range distances.

iv ) A new image registration approach is proposed that uses extrinsic features from a vir-

tual checkerboard and this also improves the system's robustness against environmental changes.

3



v) An e�cient image recognition approach is developed for ingot direction recognition,

which provides a new perspective on automating the recognition of steel ingot orientation.

vi ) The proposed framework was validated using real-world data collected from a high-

quality steel manufacturing plant, demonstrating the e�ciency of the proposed approach and

its potential for industrial applications. The achieved remote sizing accuracy is above 95% with

a tolerance range of 2 mm which is a signi�cant technical advance in the remote measuring of

steel sections.

1.3 Publications

The author's publications associated with the thesis topic are outlined below:

Peer Reviewed Conference Proceedings

1. Peng Wang, Yueda Lin, Ree Muroiwa, Simon Pike,Lyudmila Mihaylova, \Computer Vision

Methods for Automating High Temperature Steel Section Sizing in Thermal Images", In

Proceedings of the 2019 Sensor Data Fusion, Bonn, Germany, October 2019, pages 1-6.

2. Peng Wang, Yueda Lin, Ree Muroiwa, Simon Pike, Lyudmila Mihaylova, \A Weighted

Variance Approach for Uncertainty Quanti�cation in High Quality Steel Rolling", In Pro-

ceedings of the IEEE 23rd International Conference on Information Fusion, Rustenburg,

South Africa, July 2020, pages 1-7.

3. Yueda Lin, Peng Wang, Ree Muroiwa, Simon Pike, Lyudmila Mihaylova, \Image Fusion

for Remote Sizing of Hot HighQuality Steel Sections", In Proceedings of the UKCI 2021.

Advances in Intelligent Systems and Computing, vol 1409. Springer Nature , pages 357-

368.

Peer Reviewed Journal Paper

1. Yueda Lin, Peng Wang, Sardar Ali, Ree Muroiwa, Lyudmila Mihaylova, Towards Auto-

mated Remote Sizing and Hot Steel Manufacturing with Image Registration and Fusion,

Journal of Intelligent Manufacturing , under review, 2023.
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Chapter 2

Related Work

2.1 Background

2.1.1 Demands in the Steelmaking Industry

In numerous manufacturing settings, there is a need for remote evaluation of the sizes of produced

items, a process known as 'remote sensing'. This term refers to the technology that utilises

sensors to detect targets from a distance without direct cont

One signi�cant industry with such a demand is the steel manufacturing sector, where

the high temperatures of hot steel (exceeding 1000 degrees Celsius) necessitate autonomous,

non-contact operations.

Steel rolling is a crucial component of the supply chain in various industries, including

automobile manufacturing, transportation, and infrastructure construction. The quality of steel

ingots e�ectively determines the maximum quality of all downstream products. At present,

a large portion of steel casting and processing is still manually executed. However, operators

working in high-temperature steel factory environments are not only at risk of physical injury,

but the intense light during the steel rolling process can also cause considerable damage to

human eyes. [25].

Steel, an alloy material with iron as the primary element and a carbon content below 2%,

has variable compositions depending on speci�c material property requirements. The content of

carbon elements in steel can be adjusted, and other elements like chromium, manganese, molyb-

denum, nickel, silicon, tungsten, vanadium, phosphorus, and sulfur can be added. Advancements

in smelting technology have led to signi�cant improvements in steel's output and performance

in modern society, making it widely used in infrastructure, manufacturing, and daily life.

The production of large-scale steel typically incurs high costs, from raw materials to the

energy consumed during the production process. In the course of automatic rolling, real-time,

automated non-contact measurement/detection of steel sections on the production line is a
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potent method of process control. Real-time sizing signi�cantly aids product quality control

and fosters improvements and innovation in the manufacturing process. However, errors in

measurement or faulty detection can lead to wastage of raw materials, and in some cases, even

result in the scrapping of raw materials.

2.1.2 Computer Vision Methods for Non-Contact Measurements

In the early 1980s, Marr introduced the �rst comprehensive vision system framework from an

information processing perspective, now known as Marr's vision theory [42]. According to this

theory, the system processes visual information through three stages, moving from the raw data

(two-dimensional (2D) image data) to the �nal representation of the 3D environment.

In the realm of non-contact measurement methods, techniques based on camera use [8]

and Light Detection and Ranging (LiDAR) [74] are prominent areas of research. While camera-

based methods, in the absence of on-site calibration, generally lack the precision of LiDAR-based

methods, the cameras' compact form factor, ease of portability, and cost-e�ectiveness make them

popular choices in numerous environments, even those involving high-temperature forging [17]

and welding [65]. Structured light-based dimension measurement methods [58] e�ectively merge

the bene�ts of both LiDAR and passive camera-based approaches. They have shown superior

performance compared to contact measurements obtained with calipers, particularly in scenarios

involving hot and large scale forging.

Camera-based systems are classi�ed as either monocular or binocular. Binocular systems

have found extensive application in manufacturing processes, ranging from measurement [61]

to inspection [57] and fatigue crack detection [28]. They achieve high measurement accuracy

through the complementary information they gather and precise depth estimation. However,

there are still high-accuracy manufacturing applications for monocular systems. For instance,

in [8], a real-time vision-based method was developed to monitor a workpiece's diameter during

the turning process. The results, compared with manual measurements using a digital caliper,

demonstrated the method's e�ectiveness, with an error of less than 0.6%. Additionally, Bi et

al. [5] proposed using a single Charge Coupled Device (CCD) camera to measure the dimension

of forgings with temperatures ranging from 800 to 1200 degrees Celsius, achieving accurate edge

extraction through the use of both a digital and a physical �lter.

An Automated, Intelligent, Online-decision-making, and Non-contact (AI-ON) measuring

system is integral to the automation of steel rolling processes and the reduction of operational

costs. Such systems present higher e�ciency compared with traditional rolling systems that

employ contact-based measuring methods and safeguard human operators from hazardous en-

vironments.

During automatic rolling, real-time, automated non-contact measurement of steel sections
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on the production line is a potent method for process control. This real-time sizing signi�cantly

facilitates product quality control and fosters improvements and innovation in the manufacturing

process.

A myriad of three-dimensional (3D) measurement and estimation methods based on vision

have been studied to obtain the physical sizes of objects [18]. These 3D vision measurement

methods can be broadly divided into three categories: time of 
ight methods, structured light

methods, and stereo vision methods.

The time of 
ight method [22] uses a particular time of 
ight camera. In addition to

capturing the colour information of pixels, the camera also records the time from the pixel

light source to the camera. Therefore, the time of 
ight camera needs an individual arti�cial

light source. The time is obtained by calculating the phase di�erence of light, and then the

propagation speed of light is used as the reference to calculate the depth map. The error of the

time-of-
ight method is a�ected by many aspects, such as colour and material of the object, the

distance to the camera and illumination of the environment. The depth error in 5m is less than

4:6mm.

The structured light method [40, 72] relies on projecting the inferred light with speci�c

structural characteristics onto the object, then collect the re
ected structured light pattern by

the infrared camera, and calculate the 3D information according to the principle of triangulation.

Since the encoded structured light image or speckle spots are easily confused by intense natural

light outdoor, the structured light scheme is not easy to use outdoor. When the object is far

away from the camera, the intervals between light points projected on the object increases and

lead to a decrease in accuracy. The structured light camera is also easily a�ected by the re
ection

of a smooth plane, such as a mirror.

Stereo vision measurement systemshave also been proposed [43, 73]. In the analysis of

two images taken by the binocular camera in the same scene, the parallax image is obtained

by the stereo matching algorithm. Then the depth map and depth information are obtained by

including geometry information. For the binocular stereo vision system, the camera calibration

is the most crucial aspect that a�ects the measurement accuracy. The number of calibration

images and the position of the calibration plate plays a signi�cant role [68]. For instance,

Zhou et al. [73] propose an approach for online diameter estimation of large hot forgings. A

fast measurement method based on feature line reconstruction of stereo vision is developed to

increase the calculation speed. Their measurement accuracy is considerable, but the method

needs good lighting conditions and high-precision camera calibration.

Among non-contact measuring methods, Light Detection And Ranging (LiDAR) based

methods such as [74], have demonstrated high accuracy. However, this comes with a signi�cant

economical cost. Alternatively, camera based methods provide high accuracy and are inexpen-
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sive. For instance, by projecting structured light onto steel bar surfaces, the method developed

in [59] is able to measure the diameter of a 53 tonnes round steel bar with a maximum error of

0:38%. Liu et al. [35] propose an approach for online diameter estimation of cylindrical forgings,

obtaining relative errors less than 0:7%. Similarly, Yang et al. [67] propose a method that shows

improved measurement accuracy of rectangular forgings, attaining an average 0:48% estimation

error. Since the encoded structured light can be easily perceived as intense light, this approach

cannot be used easily in rolling applications where there are various intense light sources.

To avoid the disadvantages of the aforementioned measuring systems, Zato�cilov�a et al. [70]

design a passive, stationary multi-image system for fast measuring of dimensions and straightness

of rotationally-symmetric forgings. An edge detection algorithm that exploits simple shapes of

the forging is developed. After extracting four boundary curves of the forging in a pair of

images, a 3D model reconstruction is performed where the length, diameter, and straightness

of the forgings are calculated. The system is proved capable of performing diameter measuring

with deviations less than 1%. Wu et al. [65] propose a monocular-vision-based method for

online measuring of a weld stud. An accurate mathematical model constrained by the measuring

principle is developed. Based on the model, a further calibration is proposed to optimise the

projective transformation parameters. They show that the model is 
exible, fast, and capable of

achieving high-precision measurements of the weld stud. Nevertheless, the temperature in these

two cases is not as high as to 1000 - 1500� C, at which the intense radiation of the Hot Rolled

Bar (HRB) can cause overexposure problems easily.

2.2 Edge Detection

For visual perception, an essential feature in obtaining an object's position information is its

contour and edge features.

For visual measurement, the accuracy of the measurement algorithm is fundamentally

determined by the ability to obtain the edge information of the object clearly and accurately.

In the medium and long-distance vision measurement, the pixel-level edge recognition error will

lead to signi�cant errors in the measurement results after scale conversion. Therefore, choosing

an appropriate edge detection algorithm is the cornerstone of an excellent visual measurement

algorithm.

2.2.1 Edge Detection Based on Di�erential Operators

Some basic edge detection �lters are based on di�erential operators, such as Sobel, Prewitt and

Roberts operators [1]. The image edge is captured using the gradient information of the image

by convoluting and manipulating the mask as a kernel with each image's pixel. Di�erentiator
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calculates the gradient change of the grey scale or RGB value of its pixel point, and the higher

the value is, the more likely it is to be the edge. Then an appropriate threshold is selected to

�lter the extracted edges. The following �lters are used:

Rx =

2

4
� 1 0

0 � 1

3

5 ; Ry =

2

4
0 � 1

1 0

3

5 : (2.1)

Equation (2.1) shows the Roberts operator, it contains a pair of 2� 2 convolution kernel.

It uses the di�erence between two adjacent pixels in the diagonal direction to approximate the

gradient amplitude to detect the edge. In principle, the output of the Roberts operator is

located in the middle of four rectangular connected pixels. Since the Roberts operator uses 2� 2

convolution kernel, its computing speed is quite fast, but at the same time, it is quite sensitive

to local noise.

The Prewitt operator and Sobel operator are given respectively with the following equa-

tions:

Px =

2

6
6
6
4

� 1 0 1

� 1 0 1

� 1 0 1

3

7
7
7
5

; Py =

2

6
6
6
4

1 1 1

0 0 0

� 1 � 1 � 1

3

7
7
7
5

; (2.2)

Sx =

2

6
6
6
4

� 1 0 1

� 2 0 2

� 1 0 1

3

7
7
7
5

; Sy =

2

6
6
6
4

1 2 1

0 0 0

� 1 � 2 � 1

3

7
7
7
5

: (2.3)

The Prewitt and the Sobel operators are composed of two 3� 3 convolution kernels that

respond to changes in intensity in the horizontal and vertical directions, respectively. By plane

convolution of the image with these two convolution kernels, approximate values of the trans-

verse and longitudinal intensity di�erences can be obtained, respectively. Prewitt and Sobel

operators respond more to the vertical and horizontal edges relative to the pixel grid when the

Roberts operator is more sensitive to the oblique edges. Prewitt and Sobel operators have 3� 3

convolution kernels, so they have a longer computational time compared to the Roberts opera-

tor which has 2 � 2 kernels. However, their larger convolution kernels cover more pixel points,

making the input image smoother and less noise-sensitive.

The main di�erence between the Sobel operator and the Prewitt operator is that the Sobel

operator adds the concept of weight on the basis of the Prewitt operator. It considers that the

distance between neighbouring points has a di�erent e�ect on the current pixel point. The closer

the pixel point is, the greater the e�ect on the current pixel, thus sharpening the image and

highlighting the edge outline. The output of the Sobel operator has some isotropy, whereas the

Prewitt and Roberts operators have no isotropy.
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2.2.2 Canny Edge Detection

The Canny operator is a multi-level edge detection algorithm [7]. In the paper [7], Canny

proposed some standards for edge detection. The goal of edge detection is to �nd an optimal

edge. The de�nitions of the optimal edge are:

ˆ The algorithm can mark the images' actual edges as much as possible without omitting

small edges.

ˆ The identi�ed edge should be as close as possible to the actual edge in the actual image.

That is, the positioning of the edge needs to be accurate.

ˆ Edges in the image should not be repeatedly marked, and image noise should not be

identi�ed as edges as much as possible.

Algorithm 1: Canny Edge Detection
Input: Original Image I , Gaussian KernelK G, Double Threshold [� l ; � h ]

Output: Detected EdgesE

1: Use Gaussian convolution smooth the image with Gaussian KernelK G

2: Use di�erential operator to calculate the gradient of each pixel

3: Use non maximum suppression thin the detected edges

4: Use double threshold� l ; � h to classify the edges

5: Weak edge suppression

As demonstrated in Algorithm 1, the initial step of the Canny edge detection process in-

volves smoothing the image using Gaussian convolution. Gaussian �ltering is arguably the most

popular denoising �ltering algorithm. The process begins with the generation of a convolution

kernel according to the Gaussian formula. This Gaussian kernel is then used to average the gray

values of the pixel points targeted for �ltering along with those of the neighboring pixels. This

procedure e�ectively �lters out the high-frequency noise that may have been superimposed on

the ideal image, thus enhancing the image quality.

After the image smoothing, the Canny edge detection algorithm applies two thresholds

to detect edges. These thresholds, often selected through trial and error, help to di�erentiate

true edges from noise or other insigni�cant features. This way, the algorithm ensures that only

the most salient and relevant features are considered during edge detection, thus improving the

overall accuracy and robustness of the process.

The 2D-Gaussian kernal, is in the form:

G(x; y; � ) =
1

2�� 2 e� x 2+ y 2

2� 2 ; (2.4)
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G33 =

2

6
6
6
4

0:0751 0:1238 0:0751

0:1238 0:2042 0:1238

0:0751 0:1238 0:0751

3

7
7
7
5

; (2.5)

G55 =

2

6
6
6
6
6
6
6
6
6
4

0:0030 0:0133 0:0219 0:0133 0:0030

0:0133 0:0596 0:0983 0:0596 0:0133

0:0219 0:0983 0:1621 0:0983 0:0219

0:0133 0:0596 0:0983 0:0596 0:0133

0:0030 0:0133 0:0219 0:0133 0:0030

3

7
7
7
7
7
7
7
7
7
5

; (2.6)

where � is the standard deviation of the distribution. Equations 2.5 and 2.6 show the discrete

approximation of the Gaussian kernels 3� 3, 5 � 5 with � = 1. The larger the � , the lower

the weight of the central pixel, and the more vulnerable the value of the current pixel is to the

in
uence of the surrounding pixels. The larger the kernel size, the better the �ltering e�ect, but

some details may be missing.

The algorithm's second step is calculating the gradient of the �ltered image. The gradient

calculation uses the di�erential operator mentioned above in section.2.2.1, and generates the

gradient's magnitude and angle (Eq.2.7)through the edge detector's convolution operation. Here,

� is the angle of gradient

� = arctan ( Gy=Gx ) ; (2.7)

where Gy and Gx are the magnitude of gradient in vertical and horizontal directions. The

gradient direction is calculated for a non maximum suppression algorithm to be used later.

The gradient image obtained from the second step has many problems, such as wide and

weak edges. Now non-maximum suppression is used to �nd the local maximum of pixel points,

and the grey value corresponding to the non-maximum value is set to 0, which can remove a

large part of non-edge pixel points. The non-maximum suppression algorithm compares the

gradient magnitude of adjacent pixels along the positive and negative gradient direction of the

target pixel, which retains the pixel if it is an extreme value or discards if it is not. The edges

of the �nal image generated after non-maximum suppression are ideally single-pixel edges.

After these three steps, the edge quality is already high, but there are still many false

edges. Hence, the Canny algorithm uses the double threshold method to �lter the edges further.

The thresholds are typically set by the user based on the desired balance between edge detection

sensitivity and noise reduction. Pixel points with gradient intensity below the low threshold are

suppressed and not used as edge points. Pixel points above the high threshold are de�ned as

strong edges and retained as edge points. Between high and low thresholds is de�ned as a weak
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edge, which remains to be further processed. The edges are linked into contours from high-

threshold images. When the endpoint of the contour is reached, the algorithm searches for a

point satisfying the low threshold among the eight neighbour pixels of the breakpoint pixel and

then collects new edges from this point until the whole image is closed.

2.2.3 Structured Random Forest

Decision Tree Learning

The fundamental function of a decision tree is to classi�cation. `Classi�cation' task is to decide

which preset groups should the input sample belongs to. A decision tree has a tree structure,

which has nodes and directed edge (branch). There are two kinds of nodes, internal nodes and

leaves. An internal node contains thresholds of a feature and split the input data into several

branches according to the thresholds. The leaves are the classi�cation results and the output

layer of a decision tree, and the input variable will be put into one of the leaves and labelled.

Figure 2.1: A Simple Decision Tree Model [16]

As �gure 2.1 shows, for a input x i = [ ai ; bi ], this decision tree can classify the inputx

into label � 1 and label 1. For decision tree learning, how to decide the split function is the

main topic. For the existing decision tree learning algorithm, information entropy is the main

standard of computing split function.

Information entropy H is introduced by Shannon in 1948 with the following expression [53]

H = � K
nX

i =1

pi logpi ; (2.8)

where K is a positive constant andpi is the probability of case i occurs in the system.

In decision tree learning algorithm proposed by Ross Quinlan, the optimization object of

his decision tree learning algorithm is to maximum the gain of information when producing each
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split function

info X (T) =
nX

i =1

jTi j
jT j

� info (Ti ); (2.9)

gain(T) = info (T) � info X (T): (2.10)

In the Quinlan's notation, info (x) is the information entropy of x, T is the set of data in the

current node, Ti is the subset data which is partitioned after passing through current node to

the sub-nodes. For a binary tree like �gure 2.1,n is equal to 2. The information gain expression

can be written as:

InfoGain (T) = H (T) �
N lef t

NT
H (Tlef t ) �

N right

NT
H (Tright ); (2.11)

where N lef t is the number of data been partitioned to the left branch.

When the decision tree reach a preset depth, the training of decision tree will end. If the

depth of a decision tree becomes too deep, the model may face the problem of over�tting.

Random Forest

Random forest is one of the supervised training model, which is �rst developed by Tim Kam

Ho in 1995 [24]. Random decision forest is easy to produce, and the computation power used is

low. At the same time, the random forest model has a signi�cant performance on classi�cation

and regression problems.

A random forest model is the integration of multiple decision trees. The idea of ensemble

learning is to construct a strong classi�er by combining several weak classi�ers. Its generalization

error is small and recover the over�tting problem from decision trees.

In the training process, a small training set is generated by sampling from the training

data. Then, training the decision tree by using the newly generated small training set. Repeat

the previous process, and multiple decision trees can be produced. By integrating the output

of multiple decision trees, we can get a �nal random forest output. For random forests, many

studies have focused on how to sample from the in the original training set to produce the new

training sets for decision trees in order to weaken the correlation between decision trees [12].

Structured Random Forest

The edge extraction method used in this dissertation is based on the structured random forest

algorithm developed by Pdollar et al. [13], which introduces a \structure" to the traditional
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random decision forest. The main idea of the random decision forest is to produce decision trees

and train the split function

h(x; � j ) ! f 0; 1g; (2.12)

where x is the input, � j is the trained parameter at node j of the tree, and f 0; 1g indicates the

input x is split left or right to the subsequent nodes. When the inputs reach to the leaves of the

trees, they are labelled asy 2 Y . The training process of the decision trees is to maximize the

information gain I j [13] of the given nodej

I j = I
�
Sj ; SL

j ; SR
j

�
; (2.13)

where Sj 2 X � Y is the training dataset with X the sample space,SL
j = f (x; y) 2 Sj jh(x; � j ) =

0g, SR
j = Sj nSL

j , x 2 X is a sample, andL and R indicate the left and right branches.

After the decision trees are trained, the structured random forest framework further maps

the labelsy 2 Y into a discrete label setc 2 Cf1; :::; kg. The similarity of the labels are measured

by a intermediate mapping

� : Y ! Z : (2.14)

These labelsy with the similar z 2 Z are mapped into the same discrete labelc. With the

hierarchical label mappings, the structured random forest manages to label each pixel and

determine whether the pixel is part of an edge. By assembling a large number of trees with each

response to a di�erent feature channel (colour and image gradient, etc.), the �nal edge detection

results are generated by considering the votes among all the trees in the structured forest. More

details can be found in [13].

The structured random forest employed in this dissertation has been pre-trained using

the Berkeley Segmentation Dataset and Benchmark (BSDS500). This pre-training enables the

algorithm to produce fast and highly accurate edge detection results, not only on the test sets but

also on our thermal steel section images. The model is trained with 8 trees and 1 million patches

per tree, and further details regarding the hyper-parameters can be found in [13]. Figure 2.2

showcases the edges extracted from one of the steel section images using the structured random

forest algorithm. It is evident that the algorithm successfully extracts the edges of the steel

section with clarity.

When a single image is not enough to obtain enough information, multiple images will

be taken, and the information in the images will be fused to enhance information acquisition.

Before fusion, images need to be registered in position.

14



Figure 2.2: Structured Forest Edge Extraction

2.3 Image Registration

Image registration has many practical applications in medical image processing and analysis.

With the advancement of medical imaging equipment, images containing accurate anatomical

information such as CT and MRI can be acquired for the same patient; at the same time, images

containing functional information such as SPECT can also be acquired. However, diagnosis by

observing di�erent images requires spatial imagination and the subjective experience of the

doctor. Using the correct image registration method, various information can be accurately

fused into the same image, making it easier and more accurate for doctors to observe lesions

and structures from various angles. At the same time, through the registration of dynamic

images collected at di�erent times, changes in lesions and organs can be quantitatively analyzed,

making a medical diagnosis, surgical planning, and radiation therapy planning more accurate

and reliable. In the �eld of computer vision, registration methods can be used for video analysis,

pattern recognition, and automatic tracking of object motion changes. In material mechanics,

registration is often used to study mechanical properties, known as digital image correlation. By

fusing and comparing the information (shape, temperature, etc.) collected by di�erent cameras

and sensors, values such as strain �eld and temperature �eld can be calculated. By bringing into

the theoretical model, parameter inverse optimization can be performed. Image registration is

not only to register two or more images taken by di�erent devices at di�erent angles, but also

to match images taken in the same environment at di�erent times.

Traditional image registration can be divided into area-based registration and feature-

based registration [75]. The process of these registration methods can also be divided into four
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steps: feature detection, feature matching, transform function estimation and image resampling.

The classic method in area-based registration is the normalized cross-correlation (NCC)

method. The NCC is used to describe the degree of correlation between two targets, i.e. it can be

used to describe the similarity between images or between image parts. In image registration, a

certain template will be set. Then, a search of the area which has the highest NCC is performed

with a template in an image as the corresponding matching, and then the whole image is aligned.

The expression of the NCC is:


 (u; v) =

P
x;y

�
f (x; y) � �f u;v

�
[t(x � u; y � v) � �t]

nP
x;y

�
f (x; y) � �f u;v

� 2 P
x;y [t(x � u; y � v) � �t]2

o0:5 ; (2.15)

where u; v are the height and width of the template, �f u;v is the mean of f (x; y) in the region

u; v, �t is the mean of template image [69].

Obviously, normalized cross-correlation (NCC) is not an ideal feature tracking method

because it is not invariant in image scale, rotation and perspective distortion. These limitations

have been addressed in various solutions, including some that make NCC an integral part.

These follow-up algorithms and NCC are widely used in the �eld of feature tracking for tracking

particular objects in images.

Apart from the direct matching of an image, feature point matching is a very common

registration method. Generally, the selected feature points are pixels with some singularity

relative to their �eld. Feature points are often easy to extract, but the information contained in

feature points is relatively small, which can only re
ect their position and coordinate information

in the image. Therefore, the key is �nding the matching feature points in the two images.

The key point is also known as the point of interest. It de�nes essential and characteristic

places (such as corners, edges, etc.) in an image. Each key point is represented by a descriptor

(eigenvector containing the essential characteristics of the key point). The descriptor should

be robust to image transformations (such as position transformation, scaling transformation,

brightness transformation, etc.). Therefore, many algorithms provide key point detection and

feature description.

Generally, image registration techniques with features include four aspects: transformation

model, feature space, similarity measure, search space and search strategy. According to these

four characteristics, the steps of image registration can generally be divided into the following

�ve steps:

1. Select the appropriate transformation model according to the actual application

2. Select a suitable feature space, based on grayscale or based on features

3. According to the parameter con�guration of the transformation model and the selected
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features, determine the possible range of parameter changes, and select the optimal search

strategy

4. The similarity measure is used to search according to the optimization criterion in the

search space to �nd the maximum correlation point, so as to solve the unknown parameters

in the transformation model

5. The images to be registered correspond to the reference images according to the transfor-

mation model to realize the matching between the images

Therefore, selecting appropriate features for matching is the key to registration.

2.3.1 Histogram of gradients (HOG)

The histogram of gradients is widely spread and used after Navneet Dalal and Bill Triggs 's

work on human detection had been published. [10]. In HOG, the gradients of pixels along x and

y axis are extracted. The edges and corners of the image are shown clearly through the HOG

features. Analysis the gradients of pixels in the image will lead some advantages compared to

directly analysis the color and intensity of the pixels. For example, the results of HOG are not

in
uenced by the brightness of image.

During the algorithm, the original image is cropped into several 'cells'. The histogram is

�rstly calculated from these cells. The size of the cells can be changed. In order to have better

invariance to light and shadows, it is necessary to normalize the contrast of histogram, which

can be achieved by making cell units into larger blocks and normalizing all cell units in the

block.

The gradients are calculated in the horizontal and vertical directions. This can be realized

by using the following convolution kernel

h
� 1 0 1

i
;
h
� 1 0 1

i T
: (2.16)

After the gradients of pixels in x and y direction have been calculated, the magnitudes

and the directions of gradients are determined by the following equations

M (x; y) =
q

M x (x; y)2 + M y (x; y)2; (2.17)

� (x; y) = tan � 1 M y (x; y)
M x (x; y)

2 [0� ; 360� ) or [0� ; 180� ) ; (2.18)

M x (x; y) = f (x + 1 ; y) � f (x � 1; y) ; (2.19)
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M y (x; y) = f (x; y + 1) � f (x; y + 1) ; (2.20)

where M x (x; y) is the magnitude of vertical gradient at pixel ( x; y), M y (x; y) is the magnitude

of horizontal gradient at pixel ( x; y), � (x; y) is the direction of gradient at pixel ( x; y), and

f (x; y) is the magnitude of intensity at pixel ( x; y).

The gradients of pixels in the cells are then used to create cell histogram. In Dalal's paper,

the pixels in a 8� 8 cell are divided into a 9 channel histogram with a bin size of 40� . As an

output, the �nal magnitude and direction of a cell is voted by the histogram. Combined the

outputs from cells will provided a HOG feature map of the image.

2.3.2 Scale invariant feature transformation (SIFT)

Scale invariant feature transformation (SIFT) �nds the scale and orientation of the interesting

points from image [36, 37]. The description and detection of local image features can help

identify objects. Sift extracts the local features of the image, �nds the extreme points in the

scale space, and extracts the position, scale and direction of them by using Gaussian �lters

and down sampling methods. Under the current computer hardware speed and small feature

database conditions, the recognition speed can be close to real-time operation. SIFT features a

large amount of information, suitable for fast and accurate matching in massive databases. The

advantage of SIFT is

ˆ The SIFT features are the local features of image. It is invariant to the scaling, rotating

and intensity changing.

ˆ Calculation speed

The SIFT algorithm is started with building a Gaussian pyramid for the input image. And the

pyramid is built by following two methods.

ˆ Applying di�erent scales Gaussian �lter to the image

ˆ Down sampling the original image

Start with Gaussian �lter, the basic idea of the algorithm is to search feature points in di�erent

scale-space of the image. By applying di�erent Gaussian �lterG(x; y; � ) to the image, the image

I (x; y) is changed into variant scale-space and is represented as

L(x; y; � ) = G(x; y; � ) � I (x; y); ; (2.21)

where� denotes the convolution operation forx and y pixel coordinates,G(x; y; � ) is the variable-

scale Gaussian

G(x; y; � ) =
1

2�� 2 e� (x2+ y2 )=2� 2
: (2.22)
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With di�erent standard deviations � , the original input image I (x; y) can be transferred to

di�erent variant scale-space. � becomes the scale coordinate, or scale space factor, and the size

of � determines the degree of smoothness. The large scale corresponds to the overview features

of the image, and the small scale corresponds to the detailed features of the image. A large�

value corresponds to a coarse scale (low resolution) and, conversely, corresponds to a �ne scale

(high resolution).

The �rst octave of the pyramid consists of images with original size but in variant scale-

space, which means using di�erent Gaussian �lters. For the next octave, the original image

is down sampled by a factor of 2 and the down sampled image is also changed into di�erent

scale-space.

Figure 2.3: SIFT Pyramid Schematic Diagram [37]

As Figure 2.3 shows, for each octave, there are several images with the same size but in

variant scale-space. After the pyramid is built, the important feature points' locations are be

extracted by using Di�erence of Gaussian (DOG) algorithm which relies on the following

D (x; y; � ) = ( G(x; y; k� ) � G(x; y; � )) � I (x; y)

= L(x; y; k� ) � L (x; y; � );
(2.23)

where, D (x; y; � ) is the DOG function. The key feature points are then �nd in the DOG space.

In order to �nd local extreme points, a comparison among one point and its 26 neighbours is

introduced.

As �gure 2.4 shows, the extrema is found among a 3� 3 � 3 area, where contains eight

adjacent points from the same scale-space, and other 18 adjacent points from the neighbour

scale-space. The key points found by local extreme method are then be further selected and

adjusted. The key points' locations are shifted in order to increase the stability. The o�set
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Figure 2.4: SIFT Local Extrema Detect [37]

shifted is calculated by expending the Taylor expansion of DOG functions and �nd the zero

gradient point, which is a kind of interpolation methods [?]. The points with edge responses

caused by DOG is eliminated by applying a threshold which is calculated from a 2� 2 Hessian

matrix.

When the key points are adjusted, the magnitudem (x; y) and the orientation � (x; y)

of key points are calculated with the similar way in HOG, which are represented with the

expressions

m (x; y) =
p

(L (x + 1 ; y) � L (x � 1; y))2 + ( L (x; y + 1) � L (x; y � 1))2; (2.24)

� (x; y) = tan � 1 L (x; y + 1) � L (x; y � 1)
L (x + 1 ; y) � L (x � 1; y)

: (2.25)

The histogram is used to statistically analyze the direction of the pixels and decide a main

and sub directions of the key points. There features are �nally ready for being used in image

comparison or object tracking etc.

2.3.3 Features from Accelerated Segment Test (FAST)

Features from Accelerated Segment Test (FAST) algorithm is a feature point detection algo-

rithm, which does not involve the feature description of feature points. The speci�c feature

point description can be realized by cooperating with other algorithms. [51]

The proponents of FAST de�ne FAST corner as if a pixel has a signi�cant di�erence from

enough pixels in its surrounding neighbourhood, and the pixel may be a corner.

As shown in Algorithm 2 and Figure 2.5, in order to decide whether a given pixel is a

FAST feature point, a Bresenham circle with radius of 3 is created. There are 16 pixels on this

Bresenham circle as Figure 2.5 shows. The �rst step is compare the intensity of pixel 1 and pixel

9 to the chosen pixelpi with the threshold � . If the di�erence less than � , the chosen pixelpi

cannot be a feature point and is discarded directly. If the di�erence is larger than� , the chosen

pixel pi is compared to 2 more pixels. Calculate the intensity di�erences betweenp1; 5; 9; 13 and

pi . If 3 of 4 are larger than � , the chosen pixelpi comes to the �nal checking. Comparepi with
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Algorithm 2: Features from Accelerated Segment Test
Input: The pixels pi in input image I , the threshold � of FAST intensity.

Output: FAST feature points pi

1: Find 16 surrounding pixels of a given pixelpi on the Bresenham circle with radius equal to

3.

2: if jp1;9 � pi j larger than � then

3: if jp1;5;9;13 � pi j 3 of 4 larger than � then

4: if jp1;:::;16 � pi j 9 of 16 larger than � then

5: pi may be a corner points

6: end if

7: end if

8: end if

9: Use the non-maximum suppression algorithm to further screen feature points

Figure 2.5: FAST Algorithm
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all 16 pixels around, if at least 9 of the intensity di�erences larger than � , pi is considered as a

FAST feature point.

For the adjacent corner candidate points, the non-maximum suppression algorithm is used

to eliminate some points. The remaining corner points are FAST feature points.

Binary Robust Independent Elementary Features (BRIEF)

The Binary Robust Independent Elementary Features (BRIEF) describes the detected feature

points. It is a binary coded descriptor. It abandons the traditional method of describing feature

points by using a regional grey histogram, which signi�cantly speeds up the establishment of

feature descriptors and dramatically reduces the time of feature matching [6]. It is a high-speed

and potential algorithm.

The classic image feature descriptors SIFT and SURF use 128 dimensional (SIFT) or 64

dimensional (SURF) feature vectors. Each dimensional data generally occupies 4 bytes, and the

feature description vector of a feature point needs to occupy 512 or 256 bytes. Therefore, if an

image contains many feature points, the feature descriptor will occupy much storage, and the

process of generating the descriptor will be quite time-consuming. In the practical application

of SIFT features, PCA, LDA and other feature dimensionality reduction methods can be used

to reduce the dimension of feature descriptors, such as PCA-SIFT. In addition, some Locality-

Sensitive Hashing (LSH) methods can be used to encode the feature descriptors into binary

strings. Then the Hamming distance can be used for feature point matching, which can be

realized quickly through XOR operation, which signi�cantly improves the e�ciency of feature

matching.

BRIEF uses binary coding to generate feature descriptors and Hamming distance for

feature matching based on this idea. However, because BRIEF is only a feature descriptor,

feature points must be detected and located in advance. For example, feature points extracted

from FAST, SIFT and SURF algorithms can be used.

Take the feature point as the centre and take the window ofS � S. The pixels in the

window are convoluted with � = 2 Gaussian kernel.Then,nd groups of point pairs are randomly

selected at location (x i ; yi ) in this sampling window. Then compare the intensity values of these

point pairs. If I (x i ) > I (yi ), it is encoded as 1, otherwise, it is encoded as 0. In this way, a

binary coding string of speci�c length nd is given, that is, the BRIEF feature descriptor.

Five sampling methods of random point pairs are tested in [6]. The best results are ob-

tained through experiments by using the sampling method conforming to Gaussian distribution

[0; S2=25] for X and Y . Figure 2.6 [6] shows the point pairs used whennd = 128.

BRIEF algorithm reduces the storage space requirement of features and improves the

speed of feature generation by detecting random sampling point pairs and establishing feature
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Figure 2.6: BRIEF Sampling Point Pairs with nd = 128

Algorithm 3: Binary Robust Independent Elementary Features
Input: the given feature point p, the size of search windowS, the number of point pairs nd.

Output: BRIEF Descriptor

1: Apply Gaussian smoothing to window S � S.

2: Random selectnd point pairs (X; Y )

3: for i = 1 ; ::; nd do

4: if I (x i ) > I (yi ) then

5: � (p; x i ; yi ) = 1

6: else

7: � (p; x i ; yi ) = 0

8: end if

9: end for

10: BRIEF Descriptor = � (p; X; Y )
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descriptors by binary coding. The measurement of Hamming distance is convenient for fast

matching of feature points. The Hamming distance of mismatched feature points will be much

greater than that of matching points.

However, BRIEF algorithm does not have scale invariance and rotation invariance. There-

fore, matching accuracy decreases signi�cantly after the image is scaled and rotated.

2.3.4 Oriented FAST and Rotated BRIEF (ORB)

Oriented FAST and Rotated BRIEF (ORB) combines the FAST feature point extraction algo-

rithm and BRIEF feature description algorithm and modi�es them to become an algorithm with

feature extraction and feature description like SIFT and SURF [52].

The FAST features have no rotation invariance and scale invariance. Therefore, the ORB

algorithm uses a multi-scale image pyramid to create a multi-scale representation for a single

image as shown in Figure 4.3. The pyramid consists of a sequence of images, all of which are

versions of images with di�erent resolutions. Each layer in the pyramid contains a lower sampled

version of the image than the previous layer. The FAST feature point extraction algorithm will

extract the key points on di�erent scales when the multi-scale pyramid is created. By detecting

the key points of each scaled image, the ORB algorithm e�ectively locates the feature points on

di�erent scales. Through this method, the ORB realizes scale invariance [52].

Figure 2.7: Pyramid Sampling

In order to make the algorithm rotation invariant, the ORB algorithm calculates the
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intensity centroid of the current feature point patch. Then, the direction vector of the current

feature point is from the point to the intensity centroid. According to Equation (2.26), the

geometric momentmpq of a certain patch around feature point is de�ned [50] as

mpq =
X

x;y

xpyqI (x; y); (2.26)

wherex and y are the coordinate in the speci�c patch, I (x; y) is the intensity level at pixel ( x; y)

and p; q should be 0 or 1.

The coordinate of the centroid is then be calculated by the equation Eq. (2.27)

C =
�

m10

m00
;
m01

m00

�
: (2.27)

After calculating the centroid of the patch, the feature point is given a direction by creating

a vector from the feature point to the centroid. From the above, we can know that the BRIEF

algorithm chooses the points according to theX; Y axis of the image. Therefore, if the image

content rotates, but the coordinate axis remains unchanged, the BRIEF descriptors for the same

feature points are di�erent. This situation will cause the failure of feature point matching.

The ORB algorithm rotates the coordinate axis of the brief descriptor to make it consistent

with the direction of the centroid line of the feature point to make the brief descriptor obtain

rotation invariance. Make the BRIEF descriptor produce the same or approximate description

of the rotated feature points. The rotation angle � is de�ned as follow:

� = atan 2 ( m01; m10) (2.28)

ORB algorithm also optimizes the BRIEF descriptor in other aspects to improve the

e�ciency of the original algorithm.

In order to fuse the images of two cameras, it is necessary to convert the image of one

camera to the perspective of another camera. Since the factory's shooting environment and

lighting problems, using the images' intrinsic feature points is not very good. The shooting

interval between two cameras leads to a signi�cant di�erence in the subject's position in the

images, further increasing image registration di�culty. To solve this problem, extrinsic feature

points are used by the system. Checkerboard is used in the camera calibration process, and it

is also used as external feature points for image registration.

2.4 Image Fusion

Image fusion [15, 20, 26, 27] refers to the use of di�erent sources of image information collected

for the same target to aggregate and �lter to produce higher-quality or user-friendly images.
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The image source can be from di�erent types of cameras, such as infrared and optical cameras,

or can also be using di�erent lenses, focal lenses, or shooting angles. The ultimate goal is to

improve the inadequacy of a single sensor, improve the sharpness and information content of the

resulting image, and help users or computers obtain more accurate, reliable and comprehensive

information about the target or scene. Image fusion can be divided into three levels from the

information dimension, pixel-level fusion, feature-level fusion and decision-level fusion.

Figure 2.8: Di�erent Fusion Levels [56]

Pixel-level image fusion refers to the process of directly processing data collected from

multiple sensors to obtain a fused image. It is expected to provide more information for human

or machine perception than any input image. Because of this advantage, pixel-level image fusion

has achieved signi�cant results in remote sensing, medical imaging and other �elds. Pixel-level

image fusion uses information from multiple sensors to aggregate in one image, often enhancing

details such as edges, corners, and textures. It is helpful for subsequent image processing, such

as edge extraction and target recognition. The amount of data in the fused image is much higher

than the initial image, which can only be achieved by pixel-level image fusion. Feature-level and

decision-level image fusion can cause the image to lose some details.

Feature-level image fusion is to extract the feature information from the source image �rst,

then analyze, process and integrate the feature information to get the fused image features.

These image features can be edge information, high-brightness parts, or parts of the image

that the viewer is interested in. After feature-level image fusion, only feature information is

preserved in the fused image, while the details in the original image are discarded. Because

feature-level image fusion �lters information and compresses image information before fusion,

the computational speed of feature-level image fusion is also faster than pixel-level fusion. Fusion

will be relatively real-time.
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Decision-level image fusion is a cognitive-based method. It is not only the highest-level

image fusion method but also the highest level of abstraction. According to the speci�c require-

ments of the question, the feature information obtained from the feature-level image is used.

Then the decision is made directly according to a speci�c algorithm.

Feature-level and decision-level image fusion are generally designed for speci�c practical

purposes, and the design of fusion rules is directly serving the project objectives. Pixel-level

image fusion has been developed as a basic way to fuse the most information. Next, several

di�erent kinds of pixel-level image fusion algorithms are introduced.

Generally, pixel-level image fusion methods are divided into two categories: spatial domain

and transform domain according to domain choice. However, this classi�cation method is too

general. Therefore, according to the fusion strategy, the pixel-level image fusion methods can

be further divided into four categories [32,71]:

ˆ Spatial Domain Methods: Directly manipulating pixels.

ˆ Multi-Scale Transformation: a multi-scale and multi-resolution transform domain method

for processing image transformed coe�cients.

ˆ Model-Based Fusion Method: Speci�c mathematical feature extraction models for fusion.

ˆ Hybrid: The combination of two or more methods.

2.4.1 Spatial Domain

The fusion process of the image fusion method based on the spatial domain directly operates

the pixel values of the image. The most straightforward fusion strategies are the average,

minimum, maximum, max-min and weighted average methods. These methods are simple in

the calculation, fast in operation, and can better preserve the overall e�ect of the resulting

image. However, the details such as edges and contours are seriously lost. Therefore, people have

proposed activity level methods based on information statistics, such as using spatial frequency

to complete image fusion [33]. Furthermore, considering the correlation of pixels in the local

region, image fusion based on region segmentation also came into being, signi�cantly improving

the extraction e�ect of detailed information. For example, [3] used a di�erential evolution

algorithm to adapt the fusion method to determine the size of image blocks and achieved good

fusion results.

2.4.2 Multi-Scale Transformation

The processing object of transform domain fusion is the decomposition coe�cient of the source

image after transformation. The fusion process mainly includes three steps:
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ˆ The transform algorithm decomposes the source image into high and low frequency coef-

�cients.

ˆ Di�erent fusion strategies are adopted for di�erent coe�cients, and the fusion is completed

in layers and sub directions.

ˆ Image fusion is realized by inverse transform.

Pyramid transform is the �rst multi-scale transform method used in image fusion. A

series of image sets with gradually reduced resolution obtained by 2-step sampling and low-

resolution coe�cients and high-resolution coe�cients obtained by decomposition highlight the

essential features and details of the image. Many pyramid algorithms, such as Laplacian pyramid

LP, contrast pyramid, gradient pyramid and morphological pyramid, have achieved good fusion

results. The fusion method based on pyramid transform has high computational e�ciency and

ideal fusion e�ect and is still widely used. However, pyramid decomposition also has the following

disadvantages: redundant decomposition and non-directionality. Furthermore, with the gradual

increase of the decomposition layer, the resolution will become smaller and smaller, and the

boundary will become more and more unclear.

Subsequently, wavelet transform was introduced. It decomposes the image into low-

frequency approximate coe�cients representing the contour and high-frequency detail coe�-

cients representing the image details in three directions (horizontal, vertical and diagonal),

which fully re
ect the local variation characteristics of the source image. The advantage is that

the decomposed information has no redundancy and directionality, which overcomes the short-

comings of the pyramid transformation method. However, the importance of wavelet translation

invariance is veri�ed in the multi-scale transform experiment. The method without translation

invariance does not work well when matching incomplete images [34]. Therefore, scholars have

proposed improved wavelet transforms, such as multi wavelet, dual-tree complex wavelet trans-

form, contour wave, curve wave and shear wave. They not only have translation invariance but

also have direction selectivity.

2.4.3 Model-Based

Because the traditional multi-scale transformation method uses prede�ned �xed vectors to ex-

tract features, such as spatial frequency and gradient energy, it lacks the generalization of

features. In order to obtain adaptive features, some new mathematical models for adaptive

extraction of image features are proposed, such as sparse representation (SR), pulse coupled

neural network (PCNN), and the newly proposed deep learning model like convolutional neural

network (CNN), generative adversarial network (GAN).
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Sparse Representation

Sparse representation is a method to e�ectively decompose the image into a group of non-

zero atoms while preserving the details of the image. An overcomplete dictionary and sparse

representation model are the core content of the sparse representation. Generally speaking, there

are two ways to obtain overcomplete dictionaries. First, for a speci�c type of image, using the

existing ancient signal model to construct atoms is simple and easy to implement. The second

is to use learning methods, such as singular value decomposition K-SVD algorithm and PCA, to

train a large number of experimental samples to construct a dictionary, which is a self-learning

dictionary with higher redundancy.

Figure 2.9: Sparse Representation Fusion

The process of spares representation image fusion is:

ˆ Construct an overcomplete dictionary

ˆ Convert the source images into single-scale feature vectors which linearly combined by

atoms in the dictionary according to the overcomplete dictionary

ˆ Fused the feature vectors based on fusion rules and activity level

ˆ Reconstruct the vectors to image

[66] is the early use of sparse representation for multifocal image fusion. In the paper, a

multi focus image fusion method based on sparse representation is proposed. Compared with

some transform domain fusion methods, better fusion results are obtained.

The advantage of sparse representation is that the model construction is simple, easy

to understand, and the processing of noise error is ideal. However, the sparse representation

method has high complexity and low computational e�ciency, blurring the details of the source

image, such as edges and textures.
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Convolutional Neural Network

In 2012, Alex Krizhevesky participated in the ImageNet image recognition competition and won

the championship through his CNN network 'AlexNet' [29]. After that, CNN has attracted the

attention of many researchers.

When using traditional methods to deal with camera based problems, feature points are

extracted from the image, and then the extracted features are used for modelling the classi�er,

and the results are output through the classi�er. In the deep learning approach, the problem is

solved by using an end-to-end black box approach. The entire process from extracting features

to making the �nal output is completed within the same network.

Figure 2.10: The Structure of a CNN [2]

Figure 2.10 shows the structure of a convolution neural network. A convolution neural

network contains a input layer, several convolution-pooling layers, a series of classi�cation layer.

At convolution layer, a convolution kernel convolved with part of previous inputs in se-

quence. For the �rst convolution layer, the original input image is convolved with the kernel.

For the other convolution layer, is the feature map.

Figure 2.11: Convolution Kernel
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