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Abstract

Infrared and visible image fusion is widely used to enhance image details and

information. However, in foggy environments or military smoke bomb scenar-

ios, the scattering and absorption of light significantly degrade the quality of both

infrared and visible images, leading to poor fusion performance. Existing fu-

sion methods struggle to effectively restore degraded image details, making them

unsuitable for practical applications in such adverse conditions. To address this

challenge, we propose a novel fusion architecture based on the saturation line prior

(SLP). This method consists of three main modules: the Dehazing Module (DM),

the Auxiliary Enhancement Module (AEM), and the Edge Enhancement Module

(EEM). The DM optimizes SLP using weighted guided filtering to obtain refined

transmission maps for visible images, which are then used to further enhance the

infrared image. The AEM and EEM, combined with a non-subsampled shearlet

transform (NSST), further process the enhanced visible and infrared images. This

approach effectively restores intricate details and achieves natural color reproduc-
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tion in hazy environments, significantly improving the visual quality of fused im-

ages. Given the limited research in this area and the absence of relevant datasets,

we constructed an infrared and visible image pair dataset, Foggy, specifically de-

signed for foggy conditions. Qualitative and quantitative evaluations demonstrate

that the proposed method outperforms state-of-the-art fusion techniques on the

Foggy dataset.

Keywords:

Infrared and visible image fusion, Image dehazing, Foggy image fusion, Detail

enhancement,

1. Introduction

The fusion of infrared and visible images plays a crucial role in image process-

ing due to its wide range of applications. However, in the presence of smoke and

fog, some information captured by visible-light cameras is lost. The negative im-

pact on the image will also be different under different smoke and fog conditions.

Under uniform smoke or fog conditions, the image will be whitened over a large

area, the color information will be weakened, and the tiny details will be difficult

to distinguish. Under non-uniform smoke or fog conditions, the distribution of fog

is obviously random, and the effective information behind it is looming. Under

dense smoke or fog conditions, the effective information of the image is greatly

destroyed, and the texture information is seriously lost. As shown in Fig. 1. Al-

though infrared cameras are less affected, certain details may still be obscured by

fog. The impact of fog on both infrared and visible images leads to texture loss

and color distortion in the final fusion result. Therefore, developing image fusion

algorithms tailored for foggy conditions is of great significance.

Current infrared and visible image fusion approaches can be broadly cate-

gorized into learning-based methods [1, 2, 3, 4, 5, 6, 7, 8] and traditional fusion

methods [9, 10, 11, 12, 13]. Gao et al. [14] proposed an infrared and visible image

fusion network, BCMFIFuse, which is based on bidirectional cross-modal feature

interaction. This method effectively integrates cross-modal information and ex-

tracts more comprehensive multi-scale features to enhance fusion performance.

Yao et al. [15] proposed HG-LPFN, a fusion method combining Laplacian pyra-

mid and hierarchical saliency guidance. Although these commonly used fusion

methods produce satisfactory results in most cases, they fail to address the texture

loss and color distortion caused by fog, as illustrated in Fig. 2. Yang et al. [16]

introduced an infrared and visible image fusion framework combining an adap-
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(a) uniform smoke or fog (b) non-uniform smoke or fog (c) dense smoke or fog

Figure 1: Demonstration of the effects of varying smoke or fog conditions on images.

(a) NSCT based (b) IFEVIP (c) DATFuse (d) CDDFuse

Figure 2: Performance of common fusion methods under foggy conditions. (a) and (b) both show

image distortion. (c) and (d) both show a large amount of texture loss.

tive differential fusion module and a salient target perception module. Zhou et al.

[17] proposed a night vision context enhancement algorithm that combines adap-

tive enhancement and perception-based parameter selection to improve visibility

in low-light conditions. Yao et al. [18] developed a color-aware fusion frame-

work that leverages color injection and knowledge distillation to achieve natu-

ral color fusion of infrared and visible images under low-light conditions. Yao

et al. [19] proposed a semantic-powered image enhancement and fusion frame-

work that leverages uncertainty modeling to improve perceptual quality and detail

preservation. Although these methods perform well in low-light scenarios such as

nighttime environments, they do not design dedicated mechanisms for the foggy

imaging degradation problem, resulting in limitations in foggy conditions.

To mitigate the adverse effects of fog on images, current mainstream methods

typically employ defogging algorithms to process hazy images and restore image

information obscured by fog. These algorithms can generally be categorized into

two types: single-image defogging based on visible images and multi-image de-

fogging assisted by near-infrared images. Single-image dehazing methods can be

further divided into physical and prior-based methods [20, 21, 22, 23, 24], as well

as learning-based methods [25, 26, 27, 28, 29]. He et al. [30] discovered the dark

channel prior (DCP), which can accomplish the dehazing task simply and effi-
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ciently. Shen et al. [31] proposes a iterative dehazing method with polarization,

which uses joint depth±chromaticity regularization to suppress noise amplification

during dehazing. However, these defogging methods focus solely on processing

visible images without considering the characteristics of infrared images, making

them challenging to apply directly to infrared image fusion tasks. Multi-image

defogging assisted by near-infrared images [32, 33, 34, 35, 36] leverages the prop-

erties of near-infrared images to compensate for details lost in visible images due

to fog, thereby achieving an assisted defogging effect. However, in infrared and

visible image fusion, far-infrared images are typically used to enhance images

by incorporating both visible and far-infrared information, with both modalities

holding equal significance. Despite their advantages, these multi-image defogging

methods are not specifically designed for the fusion of far-infrared and visible im-

ages. Additionally, due to its longer wavelength, far-infrared is more sensitive

to thermal radiation and provides complementary information to visible images.

In contrast, near-infrared has a shorter wavelength and produces images that are

more similar to visible images, making it less suitable for the infrared and visible

image fusion tasks we aim to address.

Current infrared and visible image fusion methods rarely focus on foggy con-

ditions. To address this gap, we propose a fusion framework specifically designed

for infrared and visible image fusion in foggy environments. The framework con-

sists of three main modules: the Dehazing Module (DM), the Auxiliary Enhance-

ment Module (AEM), and the Edge Enhancement Module (EEM). In the DM, we

redesigned SLP based on weighted guided filtering and used the resulting trans-

mission map of the visible image to guide the enhancement of the infrared image.

The AEM performs an initial fusion of infrared and visible images, preserving

essential color information. The EEM enhances the texture details of the fused

image. The proposed framework effectively restores image details lost due to

fog occlusion, resulting in superior visual quality of the fused images. Further-

more, due to the lack of publicly available foggy infrared and visible image fusion

datasets, we constructed the Foggy dataset to evaluate the effectiveness of our pro-

posed method.

Our contribution could be summarized as follows.

• We propose a novel fusion framework specifically designed for infrared and

visible image fusion in foggy environments. Unlike existing methods, we

redesign the Saturation Line Prior (SLP) for image dehazing and introduce

a weighted guided filtering optimization strategy to refine the transmission

map. Furthermore, we leverage the transmission map of the visible image
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to guide the enhancement of the infrared image, thereby preserving richer

textures throughout the fusion process.

• We design two specialized enhancement modules to further optimize the

fusion process. The Auxiliary Enhancement Module (AEM) incorporates

visual saliency maps and weighted least squares optimization to integrate

useful color and detail information from the input images, enhancing image

quality before fusion. Meanwhile, the Edge Enhancement Module (EEM)

is developed to effectively refine image textures, mitigate texture loss in

a simple yet efficient manner, and significantly enhance the overall visual

quality of the fused image.

• We construct the Foggy Dataset, the first dataset specifically designed for

far-infrared and visible image fusion in foggy conditions. This dataset en-

compasses diverse smoke and fog scenarios, including uniform smoke or

fog, non-uniform smoke or fog, and dense smoke or fog, providing a com-

prehensive benchmark for future research in this domain.

2. Related Work

This section provides an overview of the current commonly used image fusion

and dehazing methods.

2.1. Multi-scale decomposition-based image fusion methods

The multi-scale decomposition approach employs specialized techniques to

decompose images into multiple layers, with different fusion strategies applied to

the corresponding sub-images at each layer. The final fused image is obtained

by performing an inverse transformation on the decomposed layers. Wang et al.

[37] utilized the Laplacian pyramid for image decomposition. Da et al. [38]

proposed the Non-subsampled Contourlet Transform (NSCT) for image decom-

position. However, NSCT suffers from low computational efficiency, making it

unsuitable for real-time applications. To address this limitation, Easley et al. [13]

introduced the Non-subsampled Shearlet Transform (NSST), which offers higher

computational efficiency and better fusion performance compared to NSCT.

The decomposition and reconstruction of NSST can be simply expressed as

Eq. (1) and Eq. (2):

nsstde(Iin) = {Lk, Hk}, (1)
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nsstre(Lk, Hk) = Ire, (2)

where Iin and Ire represent the input image and the reconstructed image respec-

tively, Lk refers to the low-frequency subband, Hk represents the high-frequency

subband.

2.2. Image dehazing

The introduction of image priors provides additional constraints when pro-

cessing hazy images, compensating for the lack of information. At the same time,

saturation information has been widely utilized in prior-based dehazing methods

[24, 39, 40, 41]. Ling et al. [24] observed that in fog-free images, pixels with

identical surface reflectance tend to appear in local patches, revealing a linear re-

lationship between saturation and the inverse of the brightness component. This

relationship enables reliable and accurate transmission estimation for foggy im-

ages, leading to color restoration with rich details.

Another approach involves leveraging the fusion of near-infrared and visible

images for assisted defogging [32, 33, 34]. This method enhances image de-

tails by utilizing near-infrared characteristics to restore fog-obscured information.

However, these methods focus solely on fog removal and do not extend to far-

infrared image fusion. While far-infrared imaging has the ability to penetrate

fog, dense smoke or fog conditions still degrade image details, resulting in color

distortion and artifacts when fused with visible images. Moreover, the scarcity

of publicly available foggy infrared-visible image fusion datasets hinders exper-

imental validation. To address this, we collected and curated the Foggy dataset,

which we incorporated into our experiments. In this work, we propose a novel

fusion framework that integrates the saturation line prior with the NSST architec-

ture. In addition, we introduce two specialized modules: the Auxiliary Enhance-

ment Module (AEM) and the Edge Enhancement Module (EEM). The saturation

line prior is employed to pre-dehaze visible images while simultaneously guid-

ing the enhancement of infrared images. AEM and EEM further refine the fusion

process by preserving essential image details, mitigating texture loss, and improv-

ing overall visual quality. Our proposed method has been extensively evaluated

on the Foggy dataset, demonstrating superior visualization results and enhanced

performance metrics compared to state-of-the-art fusion algorithms.

3. Proposed Method

In this section, we propose a method for the fusion of infrared and visible im-

ages under foggy conditions. The framework of the proposed method is shown
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Figure 3: The proposed method framework. The Dehazing Module generates a dehazed visible

image and an enhanced infrared image, which are further combined with the pre-fused image

obtained by the Auxiliary Enhancement Module after NSST decomposition, and finally the Edge

Enhancement Module is used to improve the texture clarity.

in Fig. 3. It primarily consists of three components: the Dehazing Module (DM),

the Auxiliary Enhancement Module (AEM), and the Edge Enhancement Mod-

ule (EEM). These modules are explained in detail in Sections 3.1, 3.2, and 3.3.

The first step of the method is to obtain a transmission map of the visible image

using DM. We use the acquired transmission map as a guide to enhance the in-

frared image. The enhanced image is then subjected to intensity-hue-saturation

(IHS) transformation to generate an intensity image. Finally, the image undergoes

NSST decomposition, processing, and reconstruction in combination with AEM

and EEM, followed by an inverse IHS transformation to obtain the fused image.

3.1. Dehazing Module

The process of the DM module is shown in Fig. 4. It mainly obtains the

transmission map through the Saturation line model, uses the transmission map

optimized by weighted guided filtering as a guide to enhance the infrared image,

and reconstructs a clear visible image at the same time.

Haze imaging model According to the currently recognized atmospheric

scattering model [42], the formation model of foggy blurred images can be con-

structed using Eq.(3):

I(x, y) = J(x, y) · t(x, y) + A · (1− t(x, y)), (3)
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Figure 4: Dehazing Module (DM). IR and VI represent infrared and visible images. t and t*

represent the rough transmission map and the optimized transmission map. EI and D represent the

enhanced infrared image and dehazed image.

where I represents the haze image, J represents the haze-free image, (x, y) repre-

sents the pixel coordinate, t represents the medium transmission, and A represents

the global atmospheric light. As can be seen from Eq. (3), the pixels in the haze

image I that correspond to these regions are primarily composed of A. Therefore,

we can estimate the atmospheric light A by analyzing the sky region in the haze

image.

Saturation line model Based on the currently recognized saturation model,

the saturation component of an image SP (x, y) can be expressed as:

SP (x, y) = 1−

min
c∈{r,g,b}

P c(x, y)

max
c∈{r,g,b}

P c(x, y)
, (4)

where P represents the input image, (x, y) represents the pixel coordinate, c ∈
{r, g, b} represents the color channel.

Combining Eq. (3) and Eq. (4), and denoting the maximum and minimum

color components of J as Jmax
N and Jmin

N , the saturation component of the nor-

malized haze image IN can be expressed as:

SIN (x, y) = 1−
Jmin
N (x, y) · t(x, y) + (1− SJN (x, y)) · (1− t(x, y))

Jmax
N (x, y) · t(x, y) + (1− t(x, y))

−
SJN (x, y) · (1− t(x, y))

Jmax
N (x, y) · t(x, y) + (1− t(x, y))

. (5)

where SJN is the saturation component of the normalized haze-free image JN .
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According to the definition of HSV color space, assuming that the brightness

component VIN of IN is the largest color component, that is:

VIN (x, y) = Imax
N (x, y) (6)

where Imax
N is the maximum color component of IN . So SIN can be expressed as:

SIN (x, y) = SJN (x, y) · (1−
1− t(x, y)

VIN (x, y)
). (7)

Ling et al. [24] modeled natural images as trajectories of projected surface

tiles [43, 44], and by following the local monochromatic surface assumption, the

clear image J(x, y) is represented as:

J(x, y) = k(x, y) ·R(x, y), (8)

R(x, y) = R∗, (x, y) ∈ Ω, (9)

where R is a three-dimensional vector representing the surface reflectance, R∗ is

a constant three-dimensional vector in a given local patch, and k(x, y) is a one-

dimensional shadow factor describing the radiation intensity. The local patch can

be further untangled by assuming R to be piecewise constant. By combining the

Eq. (8) and Eq. (9), it can be proved that the saturation component SJN is a local

constant under the assumption of a local monochromatic surface:

SJN (x, y) = 1−

min
c∈{r,g,b}

Rc(x,y)
Ac · k(x, y)

max
c∈{r,g,b}

Rc(x,y)
Ac · k(x, y)

= 1−

min
c∈{r,g,b}

R
c

Ac

max
c∈{r,g,b}

R
c

Ac

. (10)

Then SJN is a constant in the local patch, expressed as S∗
JN

. In addition,

assuming that the propagation t is locally constant, which we denote as t∗, a given

local patch can be expressed by Eq. (7):

SIN (x, y) = S∗
JN

−
S∗
JN

· (1− t∗)

VIN (x, y)
. (11)

Eq. (7) can be further rewritten as:

SIN (x, y) = k · V −1
IN

(x, y) + b, (12)
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(a) initial transmission map (b) guided filter refinement (c) weighted guided filter re-
finement

Figure 5: Comparison of transmission map refinement effects using different methods. The trans-

mission map obtained by our improved method has richer texture.

where V −1
IN

(x, y) is the reciprocal of VIN (x, y), and the slope k and intercept b can

be expressed as:

k = t∗ · S∗
JN

− S∗
JN

, (13)

b = S∗
JN

. (14)

From this we can directly construct the transmission t∗ in the corresponding

local patch:

t∗ = k/b+ 1. (15)

In Eq. (12), SIN and V −1
IN

have a linear relationship, which is called the satu-

ration line prior. We can use this relationship to accurately estimate the value of

transmittance t by constructing the saturation line.

Refine the transmission map with weighted guided filter For the transmission

map t generated by the saturation line prior, Ling et al. [24] used the traditional

guided filtering to optimize the transmission map t. However, this method does

not achieve good edge preservation. For this reason, we improved it to weighted

guided filtering [45], using its stronger edge preservation characteristics, com-

bined with reasonable weight assignment, to better refine the transmission map,

obtain more image details, and achieve better defogging effect. The acquisition

of the refined transmission map t′ can be simply expressed by Eq. (16). and the

comparison of the transmission map effect before and after the weighted guided

filtering optimization is shown in Fig. 5. It can be seen that the optimized trans-

mission map has a clearer texture and better visualization effect.

t′(x, y) = WGIF (t(x, y), I(x, y)). (16)

10



Figure 6: Defogging effect display. The left side of each image set is before DM processing, and

the right side is after DM processing. Our method obtains dehazed images with realistic colors

and clear details.

Figure 7: Infrared image enhancement display. The left side of each image set is before IR en-

hancement, and the right side is after IR enhancement. The enhanced IR has richer texture and

better visualization effect.

Reconstruct image Currently, common dehazing methods usually use the

pixels in the farthest area of the foggy image as a reference to estimate the at-

mospheric light value A. Therefore, based on the atmospheric scattering model

in Eq. (3), we can obtain the restored scene radiance J , which is what we need

dehaze map D:

D = J(x, y) = A+
I(x, y)− A

t′(x, y)
. (17)

The effect of the DM is shown in Fig. 6, the smoke part is removed as much

as possible, and the real image color is restored well.

Infrared image enhancement We propose an infrared image dehazing and en-

hancement method based on weighted guided filtering (WGIF). This method uses

the transmission map as a guide to enhance the infrared image through weighted

guided filtering. The transmission map can reflect the distribution of fog in the

image, so it can effectively guide the enhancement process of the infrared image,

thereby retaining more detailed information while removing haze. As shown in

Fig. 7, the enhanced infrared image has richer texture and is less affected by fog.

First, a weight map is generated based on the transmission map, with the fol-

lowing equation:

W (x, y) = 1−
T (x, y)

255
, (18)
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where T (x, y) represents the pixel value of the transmission map.

Afterward, we use the obtained transmission weight map to weight the infrared

image, and the formula is:

Iweighted(x, y) = Iir(x, y) ·W (x, y), (19)

where Iir(x, y) is the pixel value of the infrared image.

Then, the weighted infrared image is filtered using a fast guided filter (FGIF)

[46], with the filter process equation as follows:

Iwgif (x, y) = FGIF (Iweighted, Iir, r, ϵ, s), (20)

where r is the radius of the guided filter, ϵ is the regularization parameter, and s is

the subsampling ratio.

Finally, a residual enhancement technique is applied to further improve the

details and contrast of the image, with the equation:

Ienhanced(x, y) = (Iir(x, y)− Iwgif (x, y)) · α + Iwgif (x, y), (21)

where α is the enhancement parameter, empirically set to 5 in this study.

3.2. Auxiliary Enhancement Module design

Since the original image has been preprocessed for dehazing, the dehazing

itself will actually lose some details of the original image, so we designed the

Auxiliary Enhancement Module, as shown in Fig. 8. To meet our final experi-

mental purpose, we apply a pre-fusion technique based on visual saliency maps

and weighted least squares optimization. The results of the pre-fusion are shown

in Fig. 9. This method effectively improves scale separation in multi-scale de-

composition while preserving edges. It also enhances the transfer of useful visual

details to the fused image, while reducing noise in the infrared image [47].

The pre-fused image will be processed by guided filtering to decompose the

base layer LP and detail layer HP of the image. The dehazed image D and IR

image will be decomposed by NSST [13] to obtain the base layer LA, LB and

detail layer H l,k
A , H l,k

B , as shown in Eq. (1). The base layer LP will enter the EAP

fusion together with LA and LB to obtain fusion Base Layer LF , as shown in Eq.

(22) This can avoid the loss of some effective details of the original visible image.

At the same time, the detail layer HP is fused with H l,k
A and H l,k

B using Pulse-

Coupled Neural Network (PCNN) [48] to obtain HF , it can better capture the

distinctive features of high-frequency images and make full use of its adaptability

and parallelism to improve the fusion effect.

12



Figure 8: Auxiliary Enhancement Module (AEM). Fp represents the pre-fusion image. Lp and

Hp represent the low-frequency image and high-frequency image obtained by decomposing Fp

through guided image filtering.

(a) VI (b) IR (c) pre-fusion results

Figure 9: VI, IR, and pre-fusion results. The pre-fusion results successfully retain the thermal

radiation data from the infrared image and the texture details from the visible image.

LF = EAP (LA, LB, LP ), (22)

where the EAP module will be introduced later.

3.3. Edge Enhancement Module design

The Edge Enhancement Module as shown in Fig. 10, we use NSST decom-

position to obtain the low-frequency subband LB of the infrared enhanced image

EI and the low-frequency subband LA of the visible enhanced image D. Then

we subtract them from the IR and V I images respectively to obtain the high-

frequency edges DI and DV , as shown in Eq. (23) and Eq. (24). Then fuse them

with the low-frequency subband LF and the high-frequency subbands H l,k
A to ob-

tain the final edge-enhanced fused image. This operation can effectively improve

the dehazing effect and obtain more textures.
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Figure 10: Edge Enhancement Module (EEM). LA and LB represent the intensity image of D

and the low-frequency image of EI after NSST decomposition. DV and DI represent the extracted

detail layers.

DV = V I − LA, (23)

DI = IR− LB. (24)

3.4. Image reconstruction

NSST decomposition is one of the common frequency domain decomposition

methods. We use NSST decomposition to divide the image into low-frequency

subbands and multiple high-frequency subbands, use EAP weighted fusion to

fuse the low-frequency subbands of V I and IR, and use PCNN [48] Multiple

high-frequency subbands are fused, and finally the NSST inverse transform is per-

formed on the initially fused low-frequency subband and multiple initially fused

high-frequency subbands to restore the final fused image.

Low frequency sub-band fusion using EAP The low-frequency subband con-

tains most of the background information of the source image. In low-frequency

fusion, Tan et al. [49] used an energy attribute fusion strategy EA, but often EA

has two inputs. Since our method has multiple inputs, we modified the fusion

strategy of EA, which is called EAP, the processing steps are as follows:

IPVA = µA +MIA, (25)

IPVB = µB +MIB, (26)

IPVP = µP +MIP , (27)

14



where IPV represents the fundamental characteristic values of the low-frequency

sub-band, µ represents the mean value, and MI represents the median value of I .

The mean of the three base layers IA, IB, and IP is calculated as follows:

IA(x, y) = eα|LA(x,y)−IPVA|, (28)

IB(x, y) = eα|LB(x,y)−IPVB |, (29)

IP (x, y) = eα|LP (x,y)−IPVP |, (30)

where α represents the modulation parameter.

Then we can get the low-frequency subband of each branch image L∗:

L∗
A = IA(x, y)× LA(x, y), (31)

L∗
B = IB(x, y)× LB(x, y), (32)

L∗
C = IC(x, y)× LC(x, y), (33)

Ultimately, the fused low-frequency subband LF is generated through a weighted

averaging technique.

LF (x, y) =
L∗
A + L∗

B + L∗
C

IA(x, y) + IB(x, y) + IC(x, y)
. (34)

NSST reconstruction

The fused high-frequency edge is expressed as:

EP = DV +DI, (35)

H∗
F
l,k = nsstre(H

l,k
F , EP ), (36)

where DV and DI represent the two high-frequency edges obtained by the EEM

module. H l,k
F represents the high-frequency edge from AEM fused by PCNN [48].

Then we can get the fused brightness channel image FI

FI = nsstre(LF , H
∗
F
l,k), (37)

where nsstre represents the inverse NSST, as shown in Eq. (2).

Finally, the lightness channel image FI is restored to the final fused image F
through the inverse IHS transform, as shown in Eq. (38).

F = IHS−1(FI). (38)

where IHS−1 represents the inverse IHS transform.
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(a) uniform smoke or fog (b) non-uniform smoke or fog (c) dense smoke or fog

Figure 11: An example of the foggy dataset we created. It includes three common types of infrared

fusion image pairs: (a) uniform smoke or fog, (b) non-uniform smoke or fog, and (c) dense smoke

or fog.

4. Experiments

4.1. Dataset

Since there is no open-source infrared and visible image dataset specifically

for foggy scenes, in order to meet the needs of the experiment, we decided to

collect and organize from multiple open-source datasets to build our experimental

dataset Foggy. The screening conditions are color, hazy, smoky, or foggy images.

At the same time, we also considered the glare caused by vehicles or street lights

at night, because we believe that glare can be similar to the occlusion of fog to

a certain extent. Initially, we collected a total of 1,747 pairs of infrared and visi-

ble images to form our dataset. Later, after a lot of research and experiments, we

found that high-quality data is more effective than low-quality data. Therefore, we

decided to manually select high-quality data, re-screen and remove a large num-

ber of duplicate and possibly unsuitable image pairs, and manually classify them

according to the classification conditions of uniform smoke or fog, non-uniform

smoke or fog, and dense smoke or fog. We obtained the Foggy dataset, which

contains 190 pairs of uniform smoke or fog images, 230 pairs of non-uniform

smoke or fog images, and 240 pairs of dense smoke or fog images, a total of 660

image pairs, and used them in our experiments. The 660 pairs of images in the

Foggy dataset come from the M3FD dataset (610 pairs)[50], the MSRS dataset

(28 pairs)[51], and the VTUAV dataset (22 pairs)[52]. Some examples of Foggy

dataset are shown in Fig. 11.
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Figure 12: Comparison of visualization effects of different methods on uniform smoke or fog clas-

sification of Foggy dataset. Our proposed method can better restore more effective image details

under foggy conditions, with clearer edges and more prominent infrared targets to be identified.
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Figure 13: Comparison of visualization effects of different methods on non-uniform smoke or fog

classification of Foggy dataset. Our proposed method can capture as much detail information as

possible in foggy scenes with large variations.
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Figure 14: Comparison of visualization effects of different methods on dense smoke or fog clas-

sification of Foggy dataset. Our proposed method can make full use of potential detail textures in

dense smoke or fog scenes and enhance the final fusion result.
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Table 1: Comparison of FoggyFuse with Fusion Methods on Foggy Dataset. Red and Blue are

used to indicate the 1
st and 2

nd ranks, respectively.

Method AG CE EI EN SCD SD SF VIF

IFEVIP 3.3162 1.5247 35.7963 6.5388 1.3423 32.6775 10.4868 0.583

LatLRR 6.9466 2.6295 72.1500 6.8431 1.6662 36.4967 21.4438 0.6793

MGFF 3.9775 1.8031 41.4592 6.5962 1.6421 26.9782 11.5388 0.6533

MSID-KBS 3.8219 1.5164 39.9922 6.9182 1.6242 35.5908 11.6308 0.7391

RTVD 2.7391 1.6066 28.0010 6.4252 0.9062 28.4466 8.5273 0.673

TIF 4.1332 1.677 43.7676 6.5678 1.6512 27.586 12.4994 0.6293

CDDFuse 4.5782 1.8941 46.8972 6.7187 1.6556 34.1565 13.7882 0.8492

DATFuse 3.2394 1.6972 32.0528 6.3271 1.2926 22.9864 9.6551 0.6879

DenseFuse 2.1637 2.1428 22.4318 6.2415 1.5352 21.5559 6.3530 0.6301

MFEIF 3.0281 1.8092 29.5538 6.3931 1.6485 25.8859 8.178 0.7148

SCGRFuse 4.3228 1.7966 44.9652 6.6908 1.6071 31.9872 13.056 0.8095

SeAFusion 3.9942 1.9297 41.2998 6.5496 1.5812 30.1173 11.7510 0.775

YDTR 2.6802 1.8678 27.4902 6.1835 1.5834 22.5535 8.2828 0.6879

FoggyFuse 10.4736 1.3456 106.7249 7.3055 1.3746 46.4692 26.2423 0.8179

4.2. Experimental setup

All experiments were conducted on a computer equipped with an Intel(R)

Core(TM) i5-10200H CPU @ 2.40GHz (8 cores) and an NVIDIA GeForce GTX

1650 Ti GPU. The algorithms were implemented using MATLAB R2023b.

4.3. Comparison methods

We compared the classic and recent mainstream methods in the field of in-

frared and visible image fusion, including 6 traditional methods and 7 learning-

based methods: IFEVIP [53], LatLRR [54], MGFF [55], MSID-KBS [56], RTVD

[57], TIF [58], CDDFuse [59], DATFuse [60], DenseFuse [61], MFEIF [62], SC-

GRFuse [63], SeAFusion [64], YDTR[65].

4.4. Parameter settings

In our proposed method, the NSST decomposition level N is set to 4; the

window radius r of the guided filter is set to 30; the regularization parameter λ
of the guided filter is set to 1/64; the standard deviation sigma of the Gaussian

weight function of the weighted guided filter is set to 5.
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Figure 15: RGB fusion image. The RGB images obtained by our proposed method have clear

texture and realistic colors.

Table 2: Average Computation Time of Different Methods on the Foggy Dataset.

Method Average Time (s)

IFEVIP 0.433

LatLRR 1166.579

MGFF 4.007

MSID-KBS 0.522

RTVD 2.754

TIF 0.401

CDDFuse 2.916

DATFuse 0.117

DenseFuse 0.162

MFEIF 0.355

SCGRFuse 1.531

SeAFusion 0.215

YDTR 1.087

FoggyFuse 165.496
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Table 3: Ablation Experiment Results. Red and Blue are used to indicate the 1
st and 2

nd ranks,

respectively.

Method AG CE EI EN SD SF VIF

No DM 5.0567 1.6726 52.4073 6.6707 29.72 15.3465 0.6556

No EEM 9.0725 1.3584 94.6946 7.2647 45.3501 22.062 0.8031

No AEM 9.7773 1.6146 100.3314 7.1595 44.8855 24.2832 0.8416

FoggyFuse 10.4736 1.3456 106.7249 7.3055 46.4692 26.2423 0.8179

4.5. Evaluation metrics

To evaluate the performance of the proposed algorithm quantitatively, we use

8 indicators: EN [66], CE [67], EI [68], SF [69], SD [70], VIF [71], AG [72],

SCD [73] to evaluate different fusion methods.

4.6. Experimental results

Comparing the performance of our proposed method on 8 indicators with the

other 8 mainstream traditional and learning-based methods, it is evident that our

method outperforms other approaches in 6 of them, and achieves better visualiza-

tion effect and restoration of details is also far better than other algorithms, which

verifies the feasibility of our proposed method.

Qualitative assessment We experimentally compare our proposed method with

the current mainstream method on the three categories of uniform smoke or fog,

non-uniform smoke or fog, and dense smoke or fog in our Foggy dataset, as shown

in Fig. 12,Fig. 13, and Fig. 14. The comparison results show that the FoggyFuse

proposed in this paper can effectively perform the fusion task in different foggy

scenes and restore texture information obscured by fog, resulting in a fusion with

richer texture and better visual quality. Moreover, our method restores the image

colors more realistically. The restored image preserves the infrared features while

incorporating more color information from the visible image and is enhanced for

foggy scenes. The fusion results significantly outperform current mainstream fu-

sion algorithms, as shown in Fig. 15.

Quantitative assessment We compared the indicators of 8 common traditional

and learning-based algorithms on the Foggy dataset. The results of the quantita-

tive assessment are shown in Table 1. The results showed that 6 of our indica-

tors ranked first and one indicator ranked second, which is better than the current

mainstream algorithms.

From the AG (Average Gradient) metric, FoggyFuse achieves 10.4736, signif-

icantly surpassing other methods such as LatLRR (6.9466) and MGFF (3.9775).
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This demonstrates its superior ability to preserve edge details and texture informa-

tion, thereby enhancing image sharpness. Regarding the EI (Edge Intensity) and

EN (Energy) metrics, FoggyFuse also achieves the highest values, 106.7249 and

7.3055, respectively. These results indicate that the proposed method effectively

enhances image contrast and retains abundant scene information in foggy con-

ditions. Furthermore, in terms of VIF (Visual Information Fidelity), FoggyFuse

achieves 0.8179, which is higher than most existing methods. This result high-

lights the superior capability of our method in preserving perceptual information.

In contrast, traditional methods and most mainstream learning-based methods do

not adopt dedicated defogging strategies, leading to lower entropy and edge in-

tensity values. As a result, the fused images tend to suffer from blurring and

information loss when processing foggy images. These qualitative indicators also

further verify that the fusion method we proposed is very effective in scenes with

smoke and fog.

Execution time comparison To evaluate the computational efficiency of dif-

ferent fusion methods, we compared their execution times, as shown in Table 2.

Traditional methods, due to their simple computational processes, typically based

on mathematical transformations or local filtering, have low computational com-

plexity and faster execution speeds. Learning-based methods, by using pre-trained

models and parallel computation, have a clear advantage in processing speed. In

comparison with other methods, the proposed approach using Non-subsampled

Shearlet Transform (NSST) has a longer execution time. The increased compu-

tational cost is primarily attributed to the non-subsampled nature of NSST, which

enhances feature extraction by preserving multi-scale and multi-directional struc-

tural information. Unlike traditional multi-scale transforms, NSST is unaffected

by downsampling, thus avoiding the loss of important high-frequency details. This

is the reason why we chose to use it in foggy scene fusion, where preserving more

texture information is essential, but this advantage comes at the cost of increased

computational complexity.

Despite the longer execution time, the proposed method achieves excellent

fusion quality, particularly in preserving texture details and enhancing contrast,

which is crucial for infrared-visible image fusion and similar applications. The

trade-off between computation time and fusion performance is common in transform-

based fusion methods. In the future, improving the algorithm’s runtime speed as

much as possible will also be a major direction for optimization.
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(a) No Dehazing Module (b) No Edge Enhancement Module

(c) No Auxiliary Enhancement Module

Figure 16: Visualization results of the ablation experiment. The left side of each image set shows

the visualization effect without the module, while the right side shows the visualization effect with

the module.

4.7. Ablation experiment

Module-level ablation experiment We carried out ablation testing on the three

modules we presented: Dehazing Module, Auxiliary Enhancement Module, and

Edge Enhancement Module. The indicators we use for ablation experiments are

the seven best indicators in Section 4.5. The qualitative results of the ablation

experiment are presented in Fig. 16, while the quantitative results are provided in

Table 3.

Parameter-level ablation experiment To evaluate the impact of key parame-

ters in the weighted guided filter on the proposed method, we conducted an ab-

lation study by varying the window radius r and the regularization parameter λ.
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As shown in Table 4, different parameter settings affect the balance between edge

preservation and noise suppression. The results demonstrate that our chosen pa-

rameter setting (r = 30, λ = 1/64) achieves the best balance and obtains the best

results in multiple indicators of quantitative experiments. It can effectively pre-

serve image details while reducing noise, which is crucial for high-quality fusion.

From the qualitative and quantitative results of the ablation experiment, it can

be seen that each module we proposed has greatly improved the visualization ef-

fect and indicators of the fused image. The Dehazing Module can effectively

restore the color of the image and eliminate the adverse effects of fog on the ef-

fective information of the image as much as possible. The Auxiliary Enhancement

Module can enhance the texture information of the image, retain part of the orig-

inal image information, and avoid the loss of infrared information that may be

caused by the defogging operation. The Edge Enhancement Module effectively

enhances the edge of the image. The ablation experiment shows that the three

modules we proposed have a positive impact on the fusion results. Compared

with other mainstream algorithms, we have obvious advantages in extreme scenes

such as foggy, with impressive visualization effects and fusion results that align

better with human visual perception.

Table 4: Ablation Study on Weighted Guided Filter Parameters. Red and Blue are used to indicate

the 1
st and 2

nd ranks, respectively.

Parameter Setting AG CE EI EN SCD SD SF VIF

r = 10, λ = 1/128 9.4246 1.3456 96.8189 7.2719 1.3603 45.7465 24.4376 0.8298

r = 50, λ = 1/128 9.0310 1.3602 93.2131 7.2488 1.3891 45.1877 23.9138 0.8421

r = 30, λ = 1/256 8.1947 1.3737 85.1416 7.2332 1.3878 44.9761 21.4973 0.8962

r = 30, λ = 1/64 10.4736 1.3456 106.7249 7.3055 1.3746 46.4692 26.2423 0.8179

4.8. Downstream IVF applications

In advanced computer vision tasks, fused images play a crucial role in visual

observation and object detection. To further study the fusion performance of our

algorithm and its optimization effect for foggy scenes, we apply the infrared, vis-

ible, and fusion images of the past three years’ methods to object detection for

comparison and analyze the advantages of our algorithm.

Infrared-visible object detection We selected 60 different foggy scene im-

ages from the Foggy dataset as the test set, covering various urban environments.

We employed YOLOv5 [74] as the object detection model for our experiments.

Fig. 17, Fig. 18, and Fig. 19 illustrate the comparison between our fusion results
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and those of algorithms developed in the past three years. It is evident that our op-

timization for foggy scenes significantly benefits object detection. For instance,

in Scene 1, due to the presence of fog, the background information in the image

becomes blurred. The fusion methods from the past three years fail to address

this issue effectively, leading to misclassification in object detection. Specifically,

the object detection models misidentify containers in the background as trucks,

whereas our method avoids such errors. In Scene 2, the presence of dense smoke

or fog has a considerable negative impact on the object detection performance

of previous fusion methods. For example, RTVD, SCGRFuse, SeAFusion, and

YDTR all mistakenly classify smoke bombs as persons. Additionally, most meth-

ods either fail to recognize the sheep obscured by fog or misidentify them as

horses. In contrast, our method accurately detects all targets. In Scene 3, the loss

of image information caused by fog leads multiple algorithms to fail in identifying

a person standing further down the road. Among the algorithms that successfully

detect the person, our approach achieves the highest accuracy.

The results of the above object detection experiments demonstrate the effec-

tiveness of our design for foggy scenes. Our method effectively preserves both

the semantic information and texture details of the image, leading to a significant

improvement in object detection performance.

5. Conclusions

This paper proposes a new method for the fusion of infrared and visible images

under foggy conditions based on the saturation line prior. This method optimizes

the use of saturation line prior to obtaining a more refined visible transmission

map. The obtained transmission map is used to further guide the enhancement

optimization of infrared images. The method is simple and efficient. At the same

time, we propose an Auxiliary Enhancement Module and an Edge Enhancement

Module based on the NSST architecture to make the final fusion result more re-

alistic in color and obtain more detailed textures. Numerous experiments have

demonstrated the effectiveness of the proposed method, confirming its superiority

over current mainstream algorithms in fusion performance and detail preservation.
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Figure 17: Object detection results on the scene of ºScene 1º from the Foggy dataset. The blue

box represents the detection of a person, and the yellow box represents the detection of a truck.
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Figure 18: Object detection results on the scene of ºScene 2º from the Foggy dataset. The blue box

represents the detection of a person, the pink box represents the detection of a horse, the orange

box represents the detection of a sheep, and the green box represents the detection of a bird.
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Figure 19: Object detection results on the scene of ºScene 3º from the Foggy dataset. The blue

box represents the detection of a person, the white box represents the detection of a car, and the

green box represents the detection of a kite.
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