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Abstract

Due to the complementary properties of the infrared cameras compared to conven-

tional visible imaging cameras, it has become increasingly popular to fuse infrared

and visible images of the same scene for better visual understanding. One major

application of this is surveillance which involves videos and requires fast processing.

Therefore, there is a need for investigating novel low-complexity fusion algorithms

that can be implemented in real-time applications.

In this study, we address this critical research problem by two-scale fusion in the

gradient domain with saliency detection and image enhancement. In the proposed

method, the source images are first decomposed in to base and detail layers. Next,

the base parts are fused in the gradient domain by choosing the maximum absolute

gradient, whereas the gradients of the detail parts are fused using a weighted aver-

age where the weights are calculated using saliency maps. Prior to fusion, the detail

parts are enhanced using a guided filter-based enhancement approach. Finally, the

fused gradients of the base and detail components are added together to obtain the

gradients of the fused image, from which the fused image is reconstructed using a re-

construction technique based on wavelets. Experimental results demonstrate that the

proposed method achieves very competitive performance in subjective and objective

fusion assessments, while also outperforming most methods in terms of computational

complexity.

Index terms - Image fusion, IR images, visible images, computational complex-

ity, gradient domain
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Chapter 1

Introduction

The goal of imaging is to relay information about a scene. Imaging sensors capture

reflected energy of a scene or radiated energy of objects and converts it into an

electrical signal, which will then be quantized to obtain a digital signal representation.

These imaging sensors operate in different wavelength ranges of the electromagnetic

spectrum and have contrasting utilization.

For computer vision, single-sensor imaging may be insufficient to capture the

complete information about a target scene. It has been realized that sometimes

we require two or more images of the same scene for better visual understanding.

Depending on the application, this set of images can be captured using a single

sensor at different times, or by multiple sensors of the same modality, or by cameras

of different modalities. The images will then have complementary information about

the same scene and thus require fusing them in to a single image to provide a fuller

description than any of the individual images.

Depending on the application and the imaging modalities used, there are several

categories in image fusion. They are, multi-exposure fusion (MEF), multi-focus image

fusion (MFIF), multi-modal medical image fusion (MMIF), remote sensing image

fusion, and infrared (IR)-visible image fusion. Figure 1.1 demonstrates some examples

of these categories of image fusion.

In MEF, multiple images of the same scene are captured using different exposure

levels. This is generally done by capturing images one after the other with changed

exposure level. By fusing images taken at different exposures, MEF aims to create

an image which resembles a high dynamic range (HDR) image [1].

In digital photography, some objects that are at different distances from the cam-

era cannot be focused at the same time. The range of distances that can have an
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(a) (b) (c) (d)

Figure 1.1: Categories of image fusion (a) MEF (b) MFIF (c) MMIF (d) IR-visible.
First row depicts under-exposed image, near-focus image, CT image and IR image.
Second row depicts over-exposed image, far-focus image, MRI image, visible image.
Third row depicts the fused result of each image pair.

acceptable level of sharpness is denoted as the depth of field (DOF) and it depends

on the focal length setting of the camera. For better visual clarity, sometimes we

require that all objects in a scene are in focus. The approach to achieve this is MFIF,

where we capture images at different focal lengths and combine them to generate an

all-in-focus image [2].

For diagnosing diseases different medical imaging modalities have been used for

a long time. Some well-known imaging modalities currently being used in clinical

applications are, X-rays, computed tomography (CT), positron emission tomography

(PET), single photon emission computed tomography (SPECT), and magnetic reso-

nance imaging (MRI). Often it is difficult to extract all the necessary information for

a diagnosis from a single imaging modality. Therefore, MMIF aims to fuse images

of the same site captured using different modalities thereby aiding the subsequent

diagnosing process [3].

Currently, there are many earth-observation satellites such as SPOT, WorldView,

IKONOS and Landsat, which monitor the geographical and environmental changes

over time. These systems can obtain images using two different modalities; panchro-

matic and multi-spectral. The panchromatic images have high spatial resolution but

low spectral resolution. In contrast to this, multi-spectral images have high spectral
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resolution and low spatial resolution. The task of pan-sharpening aims to obtain

fused images with both high spectral and spatial resolution [4, 5].

IR-visible image fusion aims to combine information from thermal imaging and

visible imaging of the same scene. While visible imaging captures reflected light,

infrared images capture the thermal radiation of objects and thereby helps to detect

important targets in low-visibility areas. Fusion of these two modalities creates a

more informative image which contains both texture characteristics from the visible

image and target details from the IR image.

This thesis focuses on IR-visible image fusion. The main objective of the work

presented here is to propose a novel method that has competitive quantitative and

qualitative image fusion performance with lesser complexity, thereby achieving near

real-time image fusion. The main contributions of the thesis are listed in the next

section.

1.1 Contributions of the Thesis

The contributions in this thesis can be listed as follows.

� This thesis proposes a computationally efficient method for IR-visible image

fusion. Here, a two-scale decomposition is employed and it is proposed to fuse

base parts and detail parts separately in the gradient domain by utilizing two

different fusion rules. For fusion of the base parts, maximum absolute gradient

is chosen in order to increase information retention in the base layer. On the

other hand, for detail layer fusion saliency maps are utilized. Here, the first

convolutional layer of the pre-trained VGG19 network is utilized to obtain the

saliency maps. These saliency maps will guide the fusion of the detail layers. In

addition to this, a guided filter-based image enhancement scheme is employed

to enhance the detail layers prior to fusion. Finally, the gradients of the fused

base layer and fused detail layer are added together after which the image is

reconstructed from the gradients.

� The performance of the proposed method is analyzed against 15 other methods

in the literature. For this purpose, three aspects of performance evaluation,

namely, quantitative fusion performance, qualitative fusion performance, and

computational complexity, are considered.
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� Experimental results demonstrate that the proposed method runs in ≈ 1 sec-

onds on image pairs of size around 570 × 760, without hardware optimization

or additional computational requirements such as graphical processing units

(GPUs). Furthermore, the proposed method demonstrates significant quanti-

tative fusion performance over 10 representative fusion metrics, as well as high

qualitative performance.

1.2 Outline of the Thesis

The remaining chapters of this thesis are organized as follows.

� Chapter 2: Review on IR-Visible Image Fusion

This chapter briefly describes different image fusion categories and elaborates

on IR-visible image fusion in detail. Section 2.2.1 describes the different appli-

cations of IR-visible image fusion task whereas Section 2.2.2 elaborates on the

types of currently available IR-visible image fusion methods.

� Chapter 3: IR-Visible Image Fusion in the Gradient Domain using Two-Scale

Image Decomposition and Saliency Detection

This chapter presents the proposed novel gradient domain IR-visible fusion al-

gorithm based on two-scale decomposition and saliency detection. Section 3.2

reviews the algorithm utilized to reconstruct the fused image from the fused

gradient field. Next, Section 3.3 reviews the guided filter which is utilized for

enhancing the detail layers prior to fusion. Then, Section 3.4 presents the pro-

posed fusion framework.

� Chapter 4: Experimental Results and Evaluation

In this chapter, the experimental results are presented. Section 4.2 analyzes

the quantitative performance of the proposed method in comparison with 15

other state-of-the-art methods in the literature, over 10 representative objective

fusion metrics. Section 4.3 analyzes the qualitative performance of the proposed

method and Section 4.4 compares the computational complexity.

� Chapter 5: Conclusions and Future Work

This chapter presents the concluding remarks and directions for future work.
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Chapter 2

Review on IR-Visible Image Fusion

2.1 Introduction

In this chapter, the problem of IR-visible image fusion is introduced. Section 2.2

elaborates IR-visible image fusion in detail, including motivation, applications and

currently available methods for IR-visible image fusion. Section 2.3 details how per-

formance evaluation of image fusion is conducted. Finally, Section 2.4 summarizes

the contents of this chapter.

2.2 IR-Visible Image Fusion

All objects with a temperature above absolute zero (i.e. 0 K) emit electromagnetic

waves. The wavelength of this emitted radiation depends on the temperature of the

object. For most objects and environments, this thermal radiation is in the long-wave

and mid-wave IR ranges. The thermal imaging cameras sense this radiation whereas

active IR cameras capture reflected IR radiation by illuminating a scene with near-

infrared (NIR) light [6].

On the other hand, visible imaging devices (i.e. cameras used for digital photog-

raphy) capture the visible light reflected off the surfaces of objects in a scene. The

visible spectrum consists of a narrow band of wavelengths from 400 nm to 700 nm

whereas the IR range spans from 700 nm to 1 mm in the electromagnetic spectrum.

Within the IR region, NIR, mid-wave, and long-wave regions are 700 − 1400 nm,

3− 8 µm, and 8− 15 µm respectively [6].

Sensors operating in each of these IR spectral ranges provide different informa-
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tion. For example, since passive IR imaging captures the thermal radiation emitted

by objects, they provide information about the foreground such as target locations,

vehicle/animal movements, weapon locations etc. However, they typically have low

resolution and lacks texture information. One significant advantage of IR images

captured in many of the aforementioned IR sub-bands is that they are resistant to

disturbances such as poor illumination, fog and other adverse environmental effects.

In contrast to this, visible images are highly affected by adverse environment

conditions that lead to poor visibility, since it affects the process of capturing reflected

visible light. On the other hand, visible images have higher spatial resolution and

provide information about the background with better texture details.

Thus, it is evident that IR and visible imaging have complementary properties

which make the fusion of these two modalities highly beneficial compared to the use

of either individual image. Therefore, IR and visible image fusion has become an

important application for enhancing situational awareness in low visibility environ-

ments.

2.2.1 IR-Visible Image Fusion Applications

Typical applications of IR-visible image fusion include surveillance, object recogni-

tion, detection, image enhancement and remote sensing [7].

Object recognition

The goal of recognition systems is to specify the category of an object of interest.

A highly prevalent recognition system is facial recognition which employs IR-visible

image fusion. Omri et al. solves the problem of near-IR and visible image fusion for

improving long range face recognition in [8]. This method utilizes wavelet transform

to decompose the source images and applies singular value decomposition (SVD) or

principal component analysis (PCA) for the fusion process. Hariharan et al. proposed

a similar method using intrinsic mode functions for image decomposition instead of

the wavelet transform [9].

Other face recognition methods using IR-visible image fusion include [10,11]. Heo

et al. suggested adaptive fusion with eyeglass removal [10], whereas Bebis et al.

proposed a wavelet domain-based method and a PCA-based method [11].
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Detection and tracking

Detection based on IR-visible image fusion is widely found in many detection ap-

plications such as general object detection, fruit detection and pedestrian detection.

Unlike recognition, detection and tracking applications require determining the posi-

tion of the target object as well. In [12], He et al. proposed a target detection method

using multi-level fusion and image enhancement. Other detection frameworks utiliz-

ing IR-visible image fusion include [13, 14]. Here, [13] focused on human detection

whereas [14] targets moving object detection.

Target tracking generally involves videos as opposed to detection. In addition

to doing object detection, tracking methods need to determine the relationship be-

tween video frames to map the target movement. Therefore, these methods need

to be highly computationally efficient, so that they can track targets in real-time.

Some tracking methods which utilize IR-visible image fusion can be found in [15,16].

The work by Schenelle and Chan in [15] explored several fusion schemes for target

tracking such as pixel averaging, PCA-based fusion, laplacian pyramid-based fusion,

and wavelet decomposition-based fusion. Kumar et al. proposed using Haar wavelet

decomposition and Fuzzy inference to fuse the source images for target tracking [16].

Surveillance

Similar to tracking, surveillance applications also typically deal with videos and re-

quire real-time implementations. Niu et al. used IR-visible fusion to improve the

visibility of un-manned aerial vehicles (UAVs). Bhatnagar and Liu proposed a fu-

sion scheme using nonsubsampled contourlet transform (NSCT) [17], whereas Para-

manandham and Rajendiran proposed a discrete wavelet transform (DWT)-based

fusion method for surveillance [18]. Tao et al. proposed an IR-visible image fusion

method for space debris on-orbit surveillance [19].

Remote sensing

Remote sensing utilized IR-visible image fusion under various conditions. Chang et

al. proposed an adaptive method for fusing visible and IR remote sensing images

using multi-contourlet transform [20]. A similar method to fuse astronomical images

was proposed in [21] using undecimated dual-tree complex wavelet transform instead

of multi-contourlet transform. Other remote sensing applications include satellite

image fusion [22] and urban object detection [23].
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2.2.2 IR-Visible Image Fusion Methods

The currently available methods for IR and visible image fusion can be largely cate-

gorized in to the following groups, based on their methodology [7].

� Multi-scale decomposition (MSD)-based methods

� Sparse representation based methods

� Subspace-based methods

� Neural network/Deep Learning-based methods

� Saliency-based methods

� Hybrid methods

� Other methods

MSD-based methods

A vast majority of IR and visible image fusion methods in the literature utilize some

form of MSD. These decompose the images into components of different scales. In

general, MSD-based fusion comprises the following steps; (1) decomposing each source

image in to a series of multi-scale components, (2) fusing the multi-scale components

according to selected fusion rules (3) using inverse transform to reconstruct the fused

image from the fused components. Selection of the transform for MSD and choosing

the fusion rules are the two key aspects of these fusion methods.

The transforms used for MSD in IR and visible image fusion can be divided in to

5 categories, namely, (1) pyramid transform, (2) wavelet transform, (3) NSCT, (4)

edge-preserving filters, (5) other MSD methods [7] . The pyramid transform proposed

by Burt and Adelson in [24] suggested separating images in to different sub-bands of

spatial frequency, in a pyramid structure. For IR and visible image fusion, Laplacian

pyramid [25, 26], steerable pyramid [27, 28] and contrast pyramids [29, 30] have been

commonly used.

The wavelet transform is a concept widely used in the fields of image and signal

processing. Typical wavelet transforms commonly utilized in IR and visible image

fusion include DWT [31–33] and dual-tree DWT [34, 35]. The NSCT is a shift-

invariant model that was proposed to overcome the issue of discontinuities when
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extending 1-D wavelet transform to two dimensions. NSCT has been widely used in

IR and visible image fusion due to its shift-invariance property which also reduces

the effect of registration errors [36–39].

Basic smoothing filters and edge-preserving filters have also been increasingly used

to decompose images in to one or more detail layers and a smooth base layer [40].

Some of the most commonly used filters include mean filter [41], bilateral filter [42,43],

weighted least squares filter [44,45] and guided filter [46,47].

While MSD-based methods are simple and faster compared to many other meth-

ods, the number of decomposition levels needs to be increased for higher fusion quality,

which in turn increases the computational complexity.

Sparse representation based methods

These methods aim to learn an over-complete dictionary using numerous high-quality

natural images. Then, this learned dictionary is used to represent the source images.

The sparse representation-based fusion methods generally consist of the following

steps (1) decomposing each source image in to overlapping patches using a sliding

window strategy, (2) learning an over-complete dictionary from a large selection of

natural images (3) performing sparse coding on the patches obtained in the first step,

(4) fusing the sparse representation coefficients according to a selected fusion rule,

and finally (5) reconstructing the fused image from the fused coefficients using the

same over-complete dictionary. Some methods that fall in to this category could be

found in [48–50].

Since these methods divide source images in to overlapping patches, they display

a robustness to registration errors [51]. However, these methods are generally slow,

since sparse coding is a time-consuming process.

Subspace-based methods

The subspace-based methods project high-dimensional input images into lower-dimensional

subspaces. Some popular sub-space methods are PCA and independent component

analysis (ICA) [52].

PCA converts possibly correlated variables into uncorrelated variables, which are

called principal components. This process reduces the redundant information and

highlights important features [53]. Therefore, many IR-visible fusion methods em-

ploying PCA have been proposed to date [54–59].
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In contrast to PCA, the projection to the sub-space found via ICA is both un-

correlated and independent [52]. Some fusion methods utilizing ICA can be found

in [60–63].

Another dimensionality reduction method that has been used for IR-visible image

fusion is non-negative matrix factorization (NMF) [64,65].

Neural networks/Deep Learning based methods

In the past, most neural network-based IR and visible fusion methods were based

on pulse-coupled neural networks (PCNNs). However, in the last few years, with

the increase of IR and visible image data availability, shallow convolutional neural

network (CNN) [66], deep CNN [67–69], generative adversarial network (GAN) [70]

or convolutional encoder-decoder [71,72] architectures have been frequently proposed.

Also, with the recent rise of the vision transformer (ViT) [73], currently there is a

trend towards transformer-based architectures [74–76]. A comprehensive review of

deep learning-based IR and visible image fusion techniques can be found in [77,78].

While these methods demonstrate significant improvement over the traditional

approaches, there are some drawbacks as well. Vast majority of the newer deep

learning-based methods are focused on achieving superior fused image quality and

therefore, these models are rather deep and complex. Thus, they require considerable

processing power including GPUs and high memory for training. Furthermore, from

the evaluation of run-time performance, it is evident that available models require a

GPU to run fusion in real-time.

Saliency-based methods

Image saliency detection aims to find which objects and features attract human visual

attention. Saliency-based fusion aims to improve the fused image quality by main-

taining the integrity of the salient regions. For IR-visible image fusion saliency has

been adopted in two ways: fusion weight calculation and salient object extraction.

In the first approach, saliency detection is adopted for reconstructing the fused

image. A saliency detection method is utilized to obtain saliency maps for each source

image, and then the fusion weight maps are obtained from those saliency maps. Some

examples utilizing this approach are [79–82].

In the second approach, a saliency model is used to extract the regions of impor-

tance which is then used to guide the fusion, rather than directly computing weights
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from the saliency map [83–85].

Hybrid methods

Hybrid methods are those that aim to integrate the advantages of two approaches

by combining them. Hybrid of MSD and sparse representation [51, 86], hybrid MSD

and neural network [87, 88], hybrid MSD with two decomposition branches [89, 90]

are common hybrid approaches available in the literature.

Since the basis of hybrid methods is to combine multiple approaches, this in turn

increases their computational complexity.

Other methods

A series of methods [91, 92] were proposed by Ma et al. using the total variation

framework, which aim to simultaneously retain the intensity information from the

IR image and the texture detail from the visible image. Guo et al. [93] further

improved this approach by retaining intensity from both IR and visible images, while

simultaneously preserving the texture information from the visible image.

2.3 Performance Evaluation of Image Fusion

As discussed above, IR-visible fusion has been adopted in different applications such

as surveillance, object detection and tracking. The performance of these applications

which utilize IR-visible image fusion, highly depend on the quality of the fused image.

Thus, it is necessary to perform qualitative and quantitative evaluation on different

fusion methods.

Traditionally, the quality of a fused image was evaluated by human observers.

This subjective evaluation is a reliable assessment based on the human visual system.

Thus, it can represent human expectations better. However, it also has the drawbacks

of human bias, high cost, considerable time consumption, and the results not being

reproducible [94]. Therefore, objective evaluation methods have been increasingly

proposed and adopted in image fusion literature.

In contrast to subjective methods, objective evaluation methods produce a quanti-

tative measure of the fused image quality and are not influenced by human bias. The

metrics that are currently being used for objective evaluation can be grouped in to
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four categories based on how the metric is formulated. They are, information theory-

based metrics, structural similarity-based metrics, image feature-based metrics, and

human perception-inspired metrics [95]. It is also important to note that most of

the recently proposed fusion metrics attempt to emulate the human perception of

image quality. In Chapter 4, 10 objective fusion metrics are utilized to analyze the

performance of the proposed approach with respect to that of the other methods in

the literature. The objective metrics used for this analysis are presented in Appendix

A.

Since applications such as surveillance and target tracking deal with videos, it

is imperative that IR-visible image fusion methods employed for such tasks are fast

implementations. Therefore, the computational complexity of each fusion method also

needs to be evaluated. In image fusion literature, this is generally done by calculating

the average time taken to fuse IR-visible image pairs in an evaluation dataset.

2.4 Summary

In this chapter, we briefly described the image fusion research area, and presented a

discussion on IR-visible image fusion with more detail. There, we discussed why fusing

IR images and visible images of the same scene is desired. Furthermore, we elaborated

on applications and currently available methods for IR-visible image fusion. Finally,

we briefly described how performance evaluation of image fusion is conducted. In

the next chapter, we present a novel method which aims to address some gaps in

IR-visible image fusion literature.
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Chapter 3

IR-Visible Image Fusion in the

Gradient Domain using Two-Scale

Image Decomposition and Saliency

Detection

3.1 Introduction

In this chapter, a novel IR-visible image fusion method is proposed by utilizing multi-

scale image decomposition and gradient-domain fusion.

Fusion in the gradient domain has had significant success in MEF and MFIF

[96, 97] leading to high quality fusion results with lesser computational complexity.

The approach in [96] is based on a method for image reconstruction from gradients us-

ing wavelets developed for adaptive optics applications [98]. So far, gradient domain-

based approaches have not been considered for IR and visible image fusion. On the

other hand, a vast majority of IR and visible image fusion methods in the literature

utilize some form of MSD. The main advantage of MSD-based methods is that the

decomposition allows one to treat different spatial frequency bands separately. Some

key approaches used for decomposition are, pyramid transform [25, 28, 30], wavelet

transform [31–33], and edge-preserving filters [43,45–47,99]. While these MSD-based

methods have demonstrated good fusion performances, they also can cause low con-

trast, loss of detail, and artifacts. Furthermore, most MSD-based methods require

more than two decomposition levels to obtain satisfactory fusion performance. This
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in turn increases the computational complexity of MSD-based methods.

To combine the advantages of image fusion in the gradient domain and MSD, we

propose a novel gradient domain fusion method using two-scale image decomposition

and saliency detection. In the proposed method, the source images are first decom-

posed in to base and detail layers. Next, the base parts are fused in the gradient

domain by choosing the maximum absolute gradient, whereas the detail parts are

fused using a weighted average where the weights are calculated using saliency maps.

Finally, the fused gradients of base and detail components are added together to

obtain the gradients of the fused image, from which the fused image is reconstructed.

The subsequent sections of this chapter are dedicated to elaborating the proposed

method. To this end, we first review the algorithm for reconstructing an image from

its gradient field in Section 3.2. Section 3.3 reviews the guided filter which is utilized

within the proposed framework for two-scale decomposition and image enhancement.

Next, the proposed method is detailed in Section 3.4. Finally, the chapter is concluded

with a summary in Section 3.5.

3.2 Image reconstruction from a gradient field : A

Review

The problem of image reconstruction from the gradient data can be formulated as

follows: given a set of image gradients Φ = [Φx,Φy]T , find I such that,

∇I = Φ (3.1)

where ∇ = [∂/∂x, ∂/∂y]T . Equation (3.1) will have a meaningful solution if the

gradient Φ is a conservative vector field. For two-dimensional (2D) functions such as

images, this is equivalent to the zero curl condition given by,

∂2Φ

∂x∂y
=

∂2Φ

∂y∂x
. (3.2)

A common approach is to formulate (3.1) as an optimization problem [100], which

yields the Poisson equation,

∇2I = ∇T · Φ (3.3)
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where∇2I =
∂2I

∂x2
+
∂2I

∂y2
denotes the Laplacian of I, and symbol · denotes the standard

inner product [101].

The Poisson equation in (3.3), can be solved using different approaches. In the

proposed method, we utilize the approach by Sevcenco et al. [101,102] which is based

on Haar wavelets and inspired by [98]. The basic idea of this reconstruction method is

the relationship between the Haar wavelet filters and the Hudgin gradient model [101].

The Hudgin gradients of an image I in x and y directions are given by [101],

Φx(x, y) = I(x+ 1, y)− I(x, y) (3.4)

Φy(x, y) = I(x, y + 1)− I(x, y). (3.5)

The Haar analysis filters are given by [103],

HL(z) =
1√
2
(1 + z−1) (3.6)

HH(z) =
1√
2
(1− z−1). (3.7)

Then, the relationship between the Hudgin gradient geometry and the Haar anal-

ysis filters can be specified as follows,

Φx(x, y) =
√
2HH(zx)I (3.8)

Φy(x, y) =
√
2HH(zy)I (3.9)

where HH(zx)I and HH(zy)I denote filtering I in x and y directions with HH(z).

Here, zx indicates horizontal filtering of rows whereas zy indicates vertical filtering of

columns.

The reconstruction technique from the gradients, is based on a two step process.

In the first step the Haar wavelet decomposition coefficients of the image are ob-

tained directly from the gradients. Detailed description of this analysis step can be

found in [101]. Then, in the second step (synthesis), the image is reproduced from

these Haar decomposition coefficients. Since gradient-domain image fusion is done

by mixing gradients from multiple images, it is possible for the fused gradient field

to violate the zero curl condition, thus violating (3.1). To avoid any artifacts in the

reconstructed image, an iterative Poisson solver is utilized at each resolution level dur-

ing the synthesis step. This iterative Poisson solver in the reconstruction algorithm
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from [101] is a vital step for image fusion in the gradient domain.

The recursion formula can be given as [101],

I(k + 1) = I(k)− 1

4


−1 0 −1

0 4 0

−1 0 −1

⊗ I(k) +

[
1 −1

1 −1

]
⊗ Φx(k)+

[
1 1

−1 −1

]
⊗ Φy(k)


(3.10)

where k is the iteration index and ⊗ represents the 2D convolution. A very small

number of iterations is sufficient since the initial point is good enough to give fast

convergence. Number of iterations was chosen to be 3 in this paper. The drawback

of the iterative Poisson solver is that it has a smoothing effect on the reconstructed

images.

The advantage of this algorithm over other reconstruction methods is that it

has a low complexity O(N) where N is the number of samples in the signal to be

reconstructed. A detailed evaluation regarding the computational complexity can be

found in [98].

3.3 Guided filtering : A Review

The guided filter is an edge-preserving smoothing filter proposed by He et al. and

its computational complexity is independent of the filter size [104]. Furthermore,

the guided filter is established on a local linear model, which makes it applicable for

image processing applications such as image enhancement, colorization, and image

matting [104]. In a later work [105], He et al. proposed a faster version of the guided

filter.

The mathematical formulation of guided filtering assumes that the output image O

is a linear transformation of the guidance image G within a local window ωk centered

at pixel k [104].

Oi = akGi + bk ∀i ∈ ωk (3.11)

Within ωk, the coefficients ak and bk are invariant. Therefore, they can be determined

by minimizing the squared difference between the input image I and output image O
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as follows.

E(ak, bk) =
∑
i∈ωk

(
(akGi + bk − Ii)

2 + ϵa2k
)

(3.12)

Here, ϵ is a user-specified regularization parameter that has been introduced to pre-

vent ak from getting too large.

The coefficients ak and bk can be obtained using linear regression as follows.

ak =

1

|ω|
∑

i∈ωk
GiIi − µkĪk

σk + ϵ
(3.13)

bk = Īk − akµk (3.14)

Here, µk and σk are the mean and the variance of G in ωk. Īk is the mean of I in ωk

and |ω| is the number of pixels in ωk. Furthermore,
1

|ω|
∑

i∈ωk
GiIi − µkĪk term gives

the covariance of G and I within ωk.

When the linear model in (3.11) is applied to the entire image, each pixel will

be contained in more than one window. To solve this problem of getting different

values for the same pixel depending on ωk location, all possible ak and bk values are

averaged.

Then, the filter output is given by,

Oi = āiGi + b̄i (3.15)

where āi =
1

|ω|
∑

k∈ωi
ak and b̄i =

1

|ω|
∑

k∈ωi
bk.

The biggest advantage of guided filtering is that its time complexity is O(N) where

N is the number of pixels. This is further improved by the fast guided filter [105].

In the fast guided filter, the input is downsampled prior to calculating āi and b̄i, and

the original size is recovered via upsampling. For a downsampling ratio of s, the time

complexity becomes O(N/s2), since the number of pixels gets reduced to O(N/s2).

In the subsequent sections the fast guided filtering operation is denoted as

FGF (G, I, r, ϵ, s), where G is the guidance image, I is the input image, r is the

filter size, ϵ is the regularizing coefficient, and s is the downsampling ratio.
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3.4 Proposed fusion framework

The proposed fusion method converts each image to the gradient domain, and fuses

the gradients according to the selected fusion rules, after which the fused image is

obtained via the inverse transformation. It is inspired by the MEF and MFIF method

proposed by Paul et al. in [96]. This method uses simple maximum absolute rule

for the fusion of the gradients. In contrast to this, the proposed method utilizes

saliency maps for fusing the gradients of the detail components after a two-scale

decomposition. As demonstrated by the experimental results, this leads to higher

detail retention than [96] at no significant increase in run time. The schematic diagram

of the proposed method is depicted in Figure 3.1.

The proposed method can be briefly summarized as follows. First, the image

pair is decomposed with a two-scale decomposition using a edge-preserving smooth-

ing filter operation. For this purpose, the fast guided filter [105] is utilized. The

base components are then fused in the gradient domain using the maximum absolute

gradient approach.

Next, the fusion weights for the detail components are calculated by obtaining

the saliency maps using a pre-trained CNN. For this purpose, the VGG-19 model

is used. For simplicity, only the first convolutional layer (conv1-1 in Figure 3.2) of

VGG-19 model is considered. Then, the L1 norm is calculated over the channels of the

conv1-1 output to obtain the saliency maps. Finally, the weight maps are obtained

by normalizing the saliency maps.

Then, the detail components are enhanced by utilizing a guided filter in order to

alleviate the adverse smoothing effect of the Poisson solver. Using the weight maps

obtained before, we take the weighted average of the gradients of the enhanced detail

components. Then, the gradients of the base and detail components are summed

together to obtain the gradients of the fused image. The fused image is reconstructed

from the fused gradients using the reconstruction algorithm discussed in Section 3.2.

Finally, the fused image is adjusted using histogram equalization with 8× 8 tiles and

0.005 clip limit [106].

This method can be easily adapted for fusing IR-visible image pairs where the

visible image is color. The color visible image is first converted to YCbCr and the

luminance (Y) channel of the visible image is fused with the grayscale IR image.

After this, we use histogram equalization on the fused luminance. The chrominance

(Cb/Cr) channels of the visible image are taken as the chrominance of the fused
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Figure 3.1: Schematic diagram of the proposed method. GDT denotes the transfor-
mation to the gradient domain, GF denotes guided filtering-based enhancement, and
MSD denotes image decomposition.

image. Finally, the fused image is converted from YCbCr to RGB.

3.4.1 Two-scale image decomposition

MSD is a highly popular technique utilized in many IR and visible image fusion

methods in the literature. The aim in MSD is to separate an image into different detail

layers and base layers. Recently, edge-preserving smoothing filters are increasingly

being used for this task. Among these, the guided filter [104] is a popular choice due

to its linear time complexity. Utilizing the same approach, we propose using the fast

guided filter [105] for a two-scale decomposition. The decomposition thus obtained

can be expressed as,

Bn = FGF (Gn, In, r, ϵ, s) (3.16)

Dn = In −Bn. (3.17)

where n ∈ {1, 2} and I1, I2 are the IR image and the visible image respectively. For

the fast guided filtering operation, we set Gn = In, r = 4, ϵ = 0.42, s = 4 for both

the source images. The parameter values for r, ϵ, and s were chosen empirically by

testing various values and choosing those that demonstrated sufficient smoothing in
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base layers.

The main advantage of image decomposition is that it facilitates using different

fusion rules for different spatial frequency bands. By using a two-level decomposi-

tion, we aim to have a better trade-off of this advantage with a smaller increase in

computational time.

3.4.2 Guided filtering-based image enhancement

As mentioned in Section 3.3, the guided filter is an edge-preserving filter. Thus, it can

be utilized to enhance images as demonstrated in [104]. In IR-visible image fusion,

Guo et al. [99] incorporated this technique for post-fusion image enhancement. In

contrast to their method, the proposed method enhances the detail layers prior to

fusing them in the gradient domain.

The fast guided filtering-based image enhancement process is employed on the

detail layers as follows,

Tn = FGF (Dn, Dn, r, ϵ, s) (3.18)

On = (Dn − Tn)k + Tn (3.19)

where k is the enhancement coefficient and Tn is the result of guided filtering Dn with

itself as the guidance image. (3.19) extracts the most important edge information in

Dn and then superimposes it on Tn, thus producing a detail enhanced image. For this

enhancement step, empirically chosen values r = 4, ϵ = 0.12, s = 2, k = 2 are used

for both the source images. These values were chosen empirically by testing various

values and choosing those that demonstrated best subjective fusion performance.

This step is intended to diminish the smoothing effect of the Poisson solver in

the image reconstruction method. Also, it ensures that the resulting fused image has

enhanced details than many comparative methods in the literature.

3.4.3 Fusion of detail layers

For fusing the detail components, we utilize saliency maps. A saliency map depicts

the activity level or salient objects in an image. Image saliency detection is a currently

highly popular research area in computer vision, and there is a plethora of methods

proposed for this task. While simpler methods are available in literature, newer

methods are generally based on deep learning.
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Figure 3.2: VGG19 architecture.

In the proposed method, we utilize a pre-trained CNN to generate the saliency

maps. This approach has been successfully utilized to calculate saliency maps and

fusion weights in IR and visible image fusion [107] and MEF. The key idea behind

using pre-trained classification CNN models is that the early layers of these networks

have learned the filters to extract the basic features of natural images. Thus, the

output feature maps can provide a measure of the activity level of different parts of

the images.

Unlike previous works such as DLF [107] where pre-trained CNNs were used for

obtaining saliency maps, in the proposed method, only the conv1-1 layer (See Figure

3.2) of the VGG-19 network [108] is considered. The reasons for this choice are

two-fold. (1) It was observed that utilizing multiple layers does not significantly

improve the fusion performance but greatly increases the computational complexity.

(2) Due to the pooling operations within the network, output from the deeper layers

of these pre-trained CNNs are spatially quite smaller compared to the original image.

Therefore, the saliency maps obtained from latter layers need to be upsampled to

match the size of the original set of images. Due to this, the weight maps will contain

upsampling artifacts which will worsen with larger upsampling ratios.

Let Dn denote the set of detail components corresponding to the pair of pre-

registered source images In where I1 is the IR image and I2 is the visible image.

Additionally, consider the first convolutional block of pre-trained a CNN model, out-

put of which contains C output channels.

The C channel output feature map is given by,

fn = max(0, F1(Dn)) (3.20)

where F1(Dn) is the output from feeding Dn through the conv1-1 block. The function

max(0, .) denotes the ReLU operation.



22

Next, the L1 norm of fn is obtained over its C channels as follows,

f̂n =
C∑
c=1

|f c
n| (3.21)

where f c
n denotes the c-th channel of the output feature map fn.

Then, f̂n is taken as the saliency maps corresponding to the n-th input image

since it gives a measure of the activity level. The saliency maps f̂n are normalized to

obtain the weight maps wn.

wn =
f̂n∑

n∈{1,2} f̂n
(3.22)

Finally, the fused detail part gradients are obtained via,

Φx
D =

∑
n∈{1,2}

wnΦ
x
Dn

(3.23)

Φy
D =

∑
n∈{1,2}

wnΦ
y
Dn

. (3.24)

3.4.4 Fusion of base layers

As mentioned before, two different fusion rules are adopted for base components and

detail components. For the fusion of the two base parts, we utilize the maximum

absolute rule in the gradient domain.

Let In denote a set of pre-registered source images where n ∈ {1, 2, . . . , N}. Also,
let Bn denote the corresponding base components obtained via (3.16). According to

the Hudgin gradient model introduced before, the gradients of these base components

are given by,

Φx
Bn

(x, y) = Bn(x+ 1, y)−Bn(x, y) (3.25)

Φy
Bn

(x, y) = Bn(x, y + 1)−Bn(x, y). (3.26)

Magnitude of the gradient of the n-th base component is defined as,

Hn(x, y) =
√
Φx

Bn
(x, y)2 + Φy

Bn
(x, y)2. (3.27)

Let p(x, y) be the function that finds which base part has the maximum gradient
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magnitude at (x, y). Then, it can be defined as,

p(x, y) = argmax
1≤n≤N

Hn(x, y) (3.28)

Then the gradients of the fused base part can be given as,

Φx
B(x, y) = Φx

Bp(x,y)
(x, y), (3.29)

Φy
B(x, y) = Φy

Bp(x,y)
(x, y), (3.30)

where Φx
Bp(x,y)

(x, y) and Φy
Bp(x,y)

(x, y) denote the x and y gradients of the base com-

ponent with index p(x, y) at pixel location (x, y). Finally, using the reconstruction

method discussed above, the fused base part is reconstructed from the gradients.

In the experiments, N is equal to 2. However, this maximum absolute gradient

fusion method is easily extended to any number of source images, as demonstrated

in [96].

Maximum absolute gradient fusion rule is a simple yet effective method for the

fusion of the base parts. Although most of the sharper details are in the detail

components, some detail remain in base components. Many prior IR and visible

image fusion methods based on MSD take the average of the base parts in the intensity

domain, which leads to more smoothing in the fused base component. By utilizing

the maximum absolute fusion strategy, we aim to better retain the remaining details

in the base parts as well.

3.4.5 Two-scale image reconstruction

In the reconstruction step, the gradients of the fused base part and the detail part

are added together to get the gradients of the fused image.

Φx(x, y) = Φx
B(x, y) + Φx

D(x, y) (3.31)

Φy(x, y) = Φy
B(x, y) + Φy

D(x, y) (3.32)

Finally, the image is reconstructed from the fused gradients Φx(x, y) and Φy(x, y)

using the reconstruction algorithm elaborated in Section 3.2.
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3.5 Summary

In this chapter, we presented the proposed gradient-domain fusion framework for

IR/visible image pairs. The proposed method is aimed to combine the advantages of

image decomposition and gradient domain-based fusion.

In the proposed method, the source images are first decomposed in to base and

detail layers by utilizing a guided filter-based image decomposition scheme. In order

to increase the retention of residual low-frequency information in base layers, we

propose fusing base layers in the gradient domain by choosing the maximum absolute

gradient. The gradients of the detail layers are fused using a weighted average scheme,

where the weight maps are calculated using saliency maps. To obtain the respective

saliency maps of the source images, we propose using the first convolutional layer of

the VGG19 model. This enables utilizing the features learned by pre-trained CNN

models with minimal increase in computational complexity. Prior to the fusion of

the detail layers in the gradient domain, a guided filter-based image enhancement

procedure is utilized in order to enhance the important information in the detail

components.

The proposed method was evaluated against the state-of-the-art IR/visible fusion

methods in terms of quantitative performance, qualitative performance and compu-

tational complexity. These experiments are presented in the next chapter.
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Chapter 4

Experimental Results and

Evaluation

4.1 Introduction

In this chapter, we analyze the effectiveness of the proposed method by comparing

its qualitative performance, quantitative performance and computational complexity

with that of the state-of-the-art methods in IR-visible image fusion. For this purpose,

we use 45 IR-visible image pairs from the popular TNO image fusion dataset [109,110].

The TNO dataset was chosen for this evaluation since it is a well-known benchmarking

dataset in IR-visible image fusion literature.

4.1.1 Other methods for comparison

The fusion performance of the proposed method is compared with 15 representative

methods, namely, DLF [107], GFCE [111], Hybrid MSD [89], LatLRR [112], MD-

LatLRR [113], MST-SR [51], Paul et al. [96], NSCT-SR [51], ResNet [114], RP-SR [51],

DenseFuse [71], DIVFusion [69], NestFuse [72], PIAFusion [115] and SeAFusion [116].

From these 15 methods, the first ten are conventional methods whereas the remaining

five are deep learning-based methods. These methods were chosen based on their fu-

sion performance as well as the code availability. Furthermore, the five deep-learning

based methods were chosen by selecting those that were published most recently, and

trained on datasets other than the TNO dataset.

The methods MST-SR, NSCT-SR and RP-SR are all sparse representation based,

and they were proposed as generic frameworks for any image fusion task [51]. DLF
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[107] and ResNet [114] methods use pre-trained CNNs for generating the fusion

weights with DLF using the VGG19 network whereas ResNet uses the ResNet50

network.

LatLRR method utilizes latent low-rank representation for two-level image de-

composition and fuses the low-rank and salient parts separately by using hand-picked

fusion rules [112]. MDLatLRR extends the same concept further by proposing a

multi-level decomposition. Both GFCE and Hybrid MSD are based on hybrid multi-

scale decompositions [113]. GFCE [111] uses two guided filters for its decomposition

scheme whereas Hybrid MSD [89] uses Gaussian and bilateral filters.

Paul’s method [96] is a gradient-based fusion scheme proposed for multi-focus and

multi-exposure image fusion. As mentioned before, the method utilizes maximum

gradient magnitude as the fusion rule.

Among the deep learning-based methods, DenseFuse [71], DIVFusion [69] and

NestFuse [72] are encoder-decoder architectures. DenseFuse has a fairly simple archi-

tecture whereas DIVFusion has different modules for contrast enhancement and gra-

dient retention. SeAFusion [116] is devised for real-time fusion and PIAFusion [115]

emphasizes on extreme illumination conditions.

In the DenseFuse model, the deep features extracted by the encoder part are fused

either via addition or by taking L1 norm and averaging them. The reported subjective

and objective fusion results are based on the averaging L1 norm strategy. For the

NestFuse model, [72] proposed three choices for channel attention; average pooling,

max pooling, and nuclear pooling. The concept of attention in computer vision

emulates the way human visual system draws our attention towards certain parts or

objects of an image disregarding the other regions of the image. Attention mechanisms

try to mimic this process by weighing the deep features in an adaptive manner along

the spatial dimensions and channel dimension. For details on attention in computer

vision, interested reader is referred to [117]. In this work, the demonstrated NestFuse

results were obtained using the nuclear pooling channel attention mechanism.

4.1.2 Objective Fusion Metrics

In the image fusion literature, a vast variety of image quality metrics have been used

to measure the objective fusion performance. These metrics can be categorized in

to 4 groups, namely, (1) information theory-based metrics, (2) image feature-based

metrics, (3) structural similarity-based metrics, and (4) human perception inspired
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metrics [95].

Liu et al. performed a comparative study of 12 such metrics over 6 multiresolution

image fusion algorithms on IR-visible image fusion data [95]. However, currently

there is no consensus about a single metric that is best suited to measure the IR and

visible image fusion performance quantitatively. Therefore, 10 commonly used metrics

representing all quantitative metric categories were chosen in this study, as well as a

qualitative analysis (section 4.3) based on the visual quality of the fused images. The

chosen metrics are, average gradient (AG), edge intensity (EI), normalized mutual

information (NMI), Cvejie’s metric (QC), Chen-Varshney metric (QCV), standard

deviation (SD), spatial frequency (SF), structural similarity index measure (SSIM),

Tsallis entropy (TE), and visual information fidelity (VIF).

Here, NMI and TE are information theory-based metrics. AG, EI, SF, SD are

feature-based metrics. QCV and VIF are human perception inspired metrics, whereas

QC and SSIM are structural similarity-based metrics. For all the metrics except QCV,

a larger value indicates better performance. Further details about each metric is

available in Appendix A.

4.2 Quantitative Performance Comparison

Table 4.1 displays the average metric values obtained by each method on the TNO

dataset. As seen in Table 4.1, the proposed method demonstrates the best quanti-

tative performance with respect to VIF metric, and ranks a close second in terms of

the metrics AG, EI, SD and SF.

MDLatLRR achieves the best fusion performance with respect to 3 metrics namely,

AG, EI and SF. These 3 metrics reflect the sharpness and texture richness of an image.

This top performance is also reflected in qualitative results as seen in Figure 4.1.

PIAFusion attained the best performance in terms of the information theory-

based metrics QC and TE. However, it can be noted that the background details or

important targets are less clear in some fused images of Figure 4.1.

DLF, NSCT-SR, DenseFuse and DIVFusion demonstrate the best objective fusion

performance with respect to one fusion metric each. Those metrics are SSIM, NMI,

QC and SD respectively. Among these four methods, DLF outputs lack contrast and

NSCT-SR outputs have visible artifacts as seen in Figure 4.1. While the DIVFusion

fused images demonstrate higher contrast compared to many other methods, some

lack clarity near the interesting targets.
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Table 4.1: Comparison with 15 competing fusion methods. All metrics are averages
over 45 image pairs from the TNO dataset [110]. Red, blue and green denote the top
3 values in order.

Method AG EI NMI QC QCV SD SF SSIM TE VIF

DLF [107] 2.3818 23.4781 0.3847 0.6689 421.54 26.4360 6.4787 1.5579 2178.12 0.3335
GFCE [111] 5.7949 55.8209 0.2665 0.5864 567.64 43.3454 15.3098 1.2039 1191.28 0.7970
Hybrid MSD [89] 4.2266 40.9199 0.2690 0.6738 470.17 38.7859 11.5583 1.2818 3372.74 0.5588
LatLRR [112] 6.8671 67.4776 0.3616 0.6771 555.52 43.9458 8.3078 1.4442 596.31 0.8419
MDLatLRR [113] 7.9492 78.2892 0.3903 0.6989 592.88 41.9134 20.3672 1.4292 489.75 1.1881
MST-SR [51] 4.0857 40.0146 0.2192 0.5924 590.89 44.6009 11.0075 1.1456 369.19 0.5499
NSCT-SR [51] 4.6612 46.8595 0.5750 0.6976 776.41 41.2324 11.7778 1.2987 397.91 0.3668
ResNet [114] 2.3274 22.9891 0.3512 0.6583 428.02 26.3615 6.1582 1.5579 2175.36 0.3293
RP-SR [51] 4.6974 44.0496 0.3224 0.6509 699.82 44.4576 14.0682 1.3260 369.79 0.4627
DenseFuse [71] 3.4564 35.2579 0.4225 0.5762 264.97 40.7409 9.3737 1.3906 4186.23 0.4746
DIVFusion [69] 5.1124 49.7579 0.3381 0.6408 704.15 54.3429 12.7983 1.1942 28801.05 0.6284
NestFuse [72] 3.6815 36.4687 0.4791 0.6760 276.91 42.3856 9.8761 1.4407 1659.59 0.4988
PIAFusion [115] 4.0011 39.0417 0.4925 0.7827 283.01 41.5968 10.5157 1.4248 58786.91 0.4401
SeAFusion [116] 4.4874 45.5857 0.4041 0.6064 266.05 44.0360 11.2058 1.3584 11484.47 0.5777
Paul et al. [96] 5.4514 52.6801 0.2974 0.5984 495.26 40.8194 13.6648 1.1813 40326.84 0.9073
Proposed 7.2751 70.5310 0.2324 0.5706 505.67 44.6256 17.6140 1.1320 5108.44 1.3609

According to Table 4.1, the top performances of the 10 metrics are spread across

various methods. However, it should be noted that the proposed method ranks in

the top 3 for 5 metrics. The metrics for which this was observed includes all the

feature based metrics and the human perception-based metric VIF. This indicates

that the proposed method has superior performance in terms of sharpness, contrast

and fidelity of the images.

4.3 Qualitative Performance Comparison

In this section, the proposed method is compared against other methods using a quali-

tative comparison of the visual quality of the fused images with respect to information

retention, contrast and image brightness.

Figures 4.1 and 4.2 juxtapose the fusion results of the selected methods against

those of the proposed method for 7 image pairs from the TNO dataset. Further,

in Figures 4.3 and 4.4 some cropped areas from the source images and the fused

images are used to visualize the performance of the proposed method with respect to

information and contrast retention. For better viewing, source images and the output



29

(a) (b) (c) (d) (e) (f) (g)
IR

V
IS

D
L
F

G
F
C
E

H
y
b
ri
d
M
S
D

L
a
tL

R
R

M
D
L
a
tL

R
R

M
S
T
-S
R

N
S
C
T
-S
R

R
es
N
et

Figure 4.1: Fused results of image sequences (a) ‘Kaptein 1123 ’, (b) ‘Kaptein 1654 ’,
(c) ‘soldier in trench 2 ’, (d) ‘man in doorway ’, (e) ‘Marne 04 ’, (f) ‘Marne 24 ’, and (g)
‘soldier behind smoke 1 ’, and for DLF, GFCE, HYbrid MSD, LatLRR, MDLatLRR,
MST-SR, NSCT-SR and ResNet. The top row and the second row depicts the source
IR image and the visible image for each image pair.
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Figure 4.2: Fused results of image sequences (a) ‘Kaptein 1123 ’, (b) ‘Kaptein 1654 ’,
(c) ‘soldier in trench 2 ’, (d) ‘man in doorway ’, (e) ‘Marne 04 ’, (f) ‘Marne 24 ’, and (g)
‘soldier behind smoke 1 ’, and for RP-SR, DenseFuse, DIVFusion, NestFuse (nuclear),
PIAFusion, SeAFusion, Paul’s method and the proposed method. The top row and
the second row depicts the source IR image and the visible image for each image pair.
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images from each comparison method have been shared in a public repository.1

In (a) to (c) source image pairs of Figure 4.1, the IR images contain most of the

target information and almost completely lack the background textural details which

are found in the visible images. In sequences (d) to (g), the IR images also contain

important background contextual information in addition to the target details.

For these 7 examples of Figure 4.1, the DLF method fairly retains most infor-

mation but the fused images are overall darker and lack contrast which lead to some

targets not being sufficiently clear. NSCT-SR outputs display visible artifacts whereas

RP-SR fused images have over-exposed areas.

GFCE method has improved illumination in the fused outputs compared to the

source images. However, it has also enhanced the noise in sequence (a) and has

lost some textural information compared to the other methods. Outputs of LatLRR

method are overexposed and it has missed the target information of sequence (g)

from the fused image. Compared to this, MDLatLRR which is the improved version

of LatLRR, performs the quite well in terms of information retention. MST-SR lacks

sharpness in the fused images whereas ResNet outputs are lacking in contrast.

Regarding deep learning-based methods, DenseFuse outputs highlight the targets

from IR images well, but lack some background information from the visible images.

Fused images of the DIVFusion model have overexposed areas which cause the tar-

get to be less contrasted from the background. PIAFusion performs well in many

sequences, but the fused output for sequence (g) completely lacks the target infor-

mation. Similarly, SeAFusion model also fails to highlight the target in example (g).

NestFuse performs relatively better compared to DIVFusion, PIAFusion, and SeAFu-

sion models. However, it has difficulty in highlighting the target of sequence (g) and

retaining background details in (e). Theoretically, the deep learning models failing

in sequence (g) can be explained by the representativeness of the data used in train-

ing. It is highly likely that the data used for training these models did not contain

sufficient samples where targets were obstructed by smoke.

In terms of detail retention, the MDLatLRR method and Paul’s method perform

quite well on all the example sequences. Further, it can be noted that MDLatLRR

outputs have a halo effect around important targets, whereas the outputs of Paul’s

method lack in contrast and background textural details. The proposed fusion method

succeeds to retain the IR target information and background details while attaining

improved contrast and brightness.

1https://github.com/sndnshr/IR-Visible-Image-Fusion-in-the-Gradient-Domain

https://github.com/sndnshr/IR-Visible-Image-Fusion-in-the-Gradient-Domain
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Figure 4.3: Crops from fusion results of ‘Kaptein 1123 ’ image sequence corresponding
to the red box on the source images in Figure 4.1 (a) IR image (b) Visible image (c)
LatLRR (d) MDLatLRR (e) MST-SR (f) RP-SR (g) DenseFuse (h) DIVFusion (i)
PIAFusion (j) SeAFusion (k) Paul’s method (l) Proposed.

(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j) (k) (l)

Figure 4.4: Crops from fusion results of ‘Marne 04 ’ image sequence corresponding
to the red box on the source images in Figure 4.1 (a) IR image (b) Visible image (c)
LatLRR (d) MDLatLRR (e) MST-SR (f) RP-SR (g) DenseFuse (h) DIVFusion (i)
PIAFusion (j) SeAFusion (k) Paul’s method (l) Proposed.
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Table 4.2: Average runtime comparison on the TNO image fusion dataset.

Method Avg runtime (s) Avg runtime (s)
without GPU with GPU

DLF [107] 17.1342
GFCE [111] 2.0125
Hybrid MSD [89] 7.8588
LatLRR [112] 234.4919
MDLatLRR [113] 400.4850
MST-SR [51] 0.98576
NSCT-SR [51] 111.2974
ResNet [114] 7.3620
RP-SR [51] 0.9854

DenseFuse - addition [71] 2.4210 1.2910
DenseFuse - average L1 norm [71] 5.7147 5.8957
DIVFusion [69] 60.5547 2.4392
NestFuse - avg [72] 22.5683 9.1619
NestFuse - max [72] 22.6922 8.8633
NestFuse - nuclear [72] 53.1898 37.4816
PIAFusion [115] 10.5884 0.8126
SeAFusion [116] 7.9362 0.1363

Paul et al. [96] 0.8430
Proposed 1.1333

Figure 4.3 depicts the cropped portions corresponding to the red box on sequence

(a) IR image of Figure 4.1. In this example, MDLatLRR, Paul’s method, and the

proposed method perform better in retaining the most information from the source

regions.

The lack of contrast and exposure issues of the fused images can be further ob-

served in Figure 4.4. In this example, the outputs of RP-SR and DIVFusion demon-

strate underexposed fused images and almost completely lack the information in the

IR image. Compared to other methods, MDLatLRR, Paul’s method and the pro-

posed method perform well in this example. It can be seen that the proposed method

demonstrates the best fusion result with good exposure and better detail retention.

In conclusion, compared to the competing methods, the proposed method opti-

mally preserves the target and background information from the source images while

also improving the contrast and the overall brightness of the fused images.
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4.4 Computational Complexity Comparison

Table 4.2 displays the average runtime in seconds on the TNO dataset [110]. The

conventional methods were evaluated using their MATLAB implementations. The

deep learning-based methods were evaluated using their Pytorch or Tensorflow im-

plementations.

The second column of Table 4.2 shows the runtime performance evaluated on an

Intel i5 PC with 16 GB RAM and Windows 10 operating system without GPUs.

Here, the deep learning-based methods were tested using a Python 3.6 Anaconda

environment.

The third column lists the run times of the deep learning-based methods on a

computing platform with GPU support. Here, the experiments were performed on a

Broadwell node of the Cedar cluster located at Simon Fraser University, Canada [118].

Each method was tested on a Broadwell node which consisted of an NVIDIA Tesla

P100 PCIe 12 GB GPU, 4 CPU cores and 16 GB RAM.

As evident from this juxtaposition, the proposed method is among the fastest

methods. While RP-SR [51] have lower computational time than the proposed

method, the fused images are overexposed in some regions and lack clarity around

targets. Even though MST-SR [51] takes lesser computational time, the proposed

method outperforms it in the quantitative analysis. Paul et al. [96] method is also

≈ 25% faster, but lacks the detail and contrast produced by the proposed fusion

scheme.

Among the 5 deep learning-based methods, DenseFuse is the fastest when eval-

uated without GPUs. Regarding NestFuse, the three channel attention mechanisms

are indistinguishable with respect to quantitative and qualitative fusion performance.

However, in terms of computational efficiency, NestFuse with the nuclear pooling

channel attention mechanism ranks lower compared to the other attention schemes.

The SeAFusion model which was proposed as a real-time fusion network achieves a

significantly fast computation time with GPU support.

From the above analysis it can be concluded that the proposed method performs

faster than most existing methods without the need for additional hardware such

as GPUs, while also achieving significant quantitative and qualitative fusion perfor-

mance.
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(a) IR image (b) Visible image

(c) DLF (d) GFCE (e) Hybrid MSD (f) LatLRR

(g) MDLatLRR (h) MST-SR (i) NSCT-SR (j) ResNet

(k) RP-SR (l) DenseFuse (m) DIVFusion (n) NestFuse

(o) PIAFusion (p) SeAFusion (q) Paul et al. (r) Proposed

Figure 4.5: Fusion results for ‘carShadow ’ image pair from the VIFB dataset.

4.5 Fusion of color images

As mentioned in Section 3.4, when visible images are color, the common approach is

to fuse the luminance channel of the color image with the grayscale IR image. For

testing this approach, we chose the sequences with RGB visible images from the VIFB

dataset [119].

Figure 4.5 depicts the fusion outputs for the carShadow sequence in the VIFB

dataset. With outputs from DLF, ResNet, DIVFusion and NestFuse the target (man

near the red car) is not highlighted sufficiently. Output of NSCT-SR demonstrates

artifacts whereas LatLRR output is overexposed. Among the considered methods,

MDLatLRR, DenseFuse and the proposed method perform better in highlighting the

human target compared to the others.

It is evident that when the visible image is color, the fused images demonstrate

subjective fusion performance which is consistent with the same method’s perfor-

mance on grayscale image pairs. This phenomenon is expected since important target

and background details are contained in the luminance channel, whereas the chormi-

nance channels contain color information. This is also the reason why the objective
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image fusion metrics only operate on the luminance channel.

4.6 Summary

Qualitative and quantitative comparison with the state-of-the-art methods demon-

strate that the proposed method outperforms most comparative methods visually

and objectively, while also achieving significantly faster computational time without

requiring additional hardware such as GPUs.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

Image fusion is the process by which multiple images of a scene are combined to

produce a single more informative image. Among the many categories of image fusion,

IR-visible image fusion is highly desirable due to its capability in improving the visual

understanding of low-visibility scenes.

In this thesis, we proposed a novel IR-visible image fusion method based on the

gradient domain. In order to achieve the significant subjective and objective fusion

performance in conjunction with the low computational complexity, we employed a

two-scale strategy for the fusion in the gradient domain. The base parts are fused in

the gradient domain by choosing the maximum absolute gradient of the two source

images. In contrast to this, the detail parts are fused using a saliency-based strategy.

For detecting the salient regions, we employed a simple approach using the pre-trained

CNN VGG-19 which was trained for the ImageNet classification challenge. In this

approach, we utilize the activations of the very first convolutional layer and obtain the

L1 norm across the channel dimension to generate a saliency map. The two saliency

maps will then be normalized so that they sum to 1. These normalized saliency maps

will be the weight maps for fusing the gradients of the detail parts. Also, prior to

fusion, we utilized guided filter-based image enhancement on the detail parts. Finally,

the fused image is reconstructed from the sum of base part and detail part gradients.

Utilizing the TNO dataset, we demonstrated that the proposed method shows

comparative fusion performance to state-of-the-art methods in terms of objective

fusion criteria as well as subjective evaluation. Since there is no consensus regarding
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the best-suited objective metric for IR-visible image fusion, many different metrics

are utilized in the literature. Hence, we chose 10 representative and commonly used

metrics for our performance evaluation. From the quantitative results we showed that

the proposed method demonstrates significantly high performance in all the feature-

based metrics as well as the top performance in the human perception-inspired metric

VIF.

In addition to this, we evaluated the computational complexity of the proposed

method against the state-of-the-art methods in literature. It was evident that the

proposed approach has significantly lesser run-time which can be achieved without

additional hardware support.

5.2 Future Work

Fusion in the gradient domain can be applied to MMIF and specifically for fusion

of three-dimensional (3D) medical images. Many medical imaging modalities such

as CT, MRI are 3D images. The currently common approach for fusion of these

volumetric images is to fuse them per 2D slice. The gradient domain method can be

explored as a 3D fusion approach by extending the decomposition and reconstruction

algorithms to 3D. Also, it is necessary to find appropriate fusion rules as well.

Since deep learning-based methods have shown immense proficiency in many com-

puter vision tasks, an interesting future avenue would be to explore how to design

more efficient lightweight models for fusion while retaining high fusion performance.

Computational complexity is a crucial problem since tracking and surveillance appli-

cations require processing of videos.

Furthermore, application-oriented deep learning-based fusion would be an inter-

esting problem to work on. Here, the idea is that the model will learn features that

are optimal for the downstream applications such as detection or surveillance.
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Appendix A

Objective Fusion Metrics

1. The average gradient (AG) metric quantifies the amount of gradient information

in an image, which represents the sharpness of details and richness of texture.

The definition of AG is given by,

AG =
1

M ×N

M∑
i=1

N∑
j=1

√
(I(i, j)− I(i+ 1, j))2 + (I(i, j)− I(i, j + 1))2

2
(A.1)

where I(i, j) is the grayscale value of pixel (i, j), for an image of size M by

N . The larger the AG value, the more gradient information is contained in the

fused image.

2. Edge intensity (EI) of the fused image F can be measured as follows,

EI =
1

M ×N

√√√√ M∑
i=1

N∑
j=1

Sx(i, j)2 + Sy(i, j)2 (A.2)

where Sx and Sy are the results from convolving with the Sobel operator.

A larger EI value signifies higher image quality in terms of clarity and image

sharpness.

3. Normalized mutual information (NMI) is formulated using mutual information,

which is measure of the mutual dependence of two random variables. The
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Hossny et al. [120] definition of NMI can be given as,

NMI = 2

[
MI(A,F )

H(A) +H(F )
+

MI(B,F )

H(B) +H(F )

]
(A.3)

where, MI(A,F ) and MI(B,F ) are the mutual information between source

images A,B with fused image F . Also, H(A), H(B) and H(F ) denote the

marginal entropy of A,B and F respectively.

4. Cvejie’s metric (QC) can be defined as [121],

Qc =
∑
w∈W

sim(A,B, F |w)Q(A|F,w) + (1− sim(A,B, F |w))Q(B,F |w) (A.4)

sim(A,B, F |w) =


0, if σ(A,B, F ) < 0,

σ, if 0 ≤ σ(A,B, F ) ≤ 1,

1, if σ(A,B, F ) > 1.

(A.5)

σ(A,B, F ) =
σAF

σAF + σBF

(A.6)

5. Chen-Varshney metric (QCV) consists of five steps: extracting edge information,

partitioning images in to local regions, calculating local region saliency, taking

a similarity measure in the local region, and weighted summation of similarity

measure over non-overlapping regions to obtain the final global quality measure

[122].

6. Spatial frequency (SF) metric is based on image gradients and reflects the image

detail and sharpness of texture. Its definition can be given as follows;

SF =
√
RF 2 + CF 2

RF =

√√√√ M∑
i=1

N∑
j=2

[F (i, j)− F (i, j − 1)]2

CF =

√√√√ M∑
i=2

N∑
j=1

[F (i, j)− F (i− 1, j)]2

(A.7)

where RF is the row frequency and CF is the column frequency of the fused
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image F . An image with high SF has sharp edges and rich texture information,

which the human visual perception is sensitive to.

7. Standard deviation (SD) metric is a measure of the contrast of the fused image.

It is mathematically defined as follows.

SD =

√√√√ M∑
i=1

N∑
j=1

(F (i, j)− µ)2, (A.8)

where F is the fused image and µ is its mean value. Due to the sensitivity of

the human visual system to contrast, regions with high contrast tend to attract

attention. A fused image with high contrast often results in high SD.

8. Structural similarity index measure (SSIM) models the distortion of an image

using three aspects: luminance, contrast, and correlation. The three compo-

nents are combined as follows [95].

SSIM(X,F ) =

(
2µXµF + c1
µ2
X + µ2

F + c1

)α(
2σXσF + c2
σ2
X + σ2

F + c2

)β (
σXF + c3
σXσF + c3

)γ

(A.9)

Here, µX , µF are the averages, σX , σF and σXF are the variances and covariance

of the source image X and fused image F . The parameters α, β and γ are used

to adjust the relative importance of the three components. c1, c2 and c3 are

small constants used to ensure numerical stability.

Larger values of SSIM indicate that the two images considered are more similar

in terms of brightness, contrast and structure. SSIM for fusion will be given by,

SSIM = SSIM(A,F ) + SSIM(B,F ) (A.10)

where A and B denote the source images and F denotes the fused image.

9. Tsallis entropy (TE) is defined as [123],

Qq
TE = Iq(A,F ) + Iq(B,F ). (A.11)
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Here, Iq(A,F ) and Iq(B,F ) is found via

Iq(X,F ) =
1

1− q

(
1−

∑
i,j

hXF (i, j)
q

hF (j)hX(i)q−1

)
. (A.12)

where hXF (i, j), hX(i) and hF (j) denote the joint and marginal histograms of

respective images, q is a real value and q ̸= 1.

10. Visual information fidelity (VIF) metric measures the information fidelity by

computing the distortion between the source images and the fusion result. It

can be calculated using the procedure detailed in [124].
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