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Abstract: When objects are obscured by shadows or dim surroundings, image quality is
improved by fusing near-infrared and visible-light images. At night, when visible and NIR
lights are insufficient, long-wave infrared (LWIR) imaging can be utilized, necessitating
the attachment of a visible-light sensor to an LWIR camera to simultaneously capture
both LWIR and visible-light images. This camera configuration enables the acquisition of
infrared images at various wavelengths depending on the time of day. To effectively fuse
clear visible regions from the visible-light spectrum with those from the LWIR spectrum,
a multi-band fusion method is proposed. The proposed fusion process subsequently
combines detailed information from infrared and visible-light images, enhancing object
visibility. Additionally, this process compensates for color differences in visible-light images,
resulting in a natural and visually consistent output. The fused images are further enhanced
using a night-to-day image translation module, which improves overall brightness and
reduces noise. This night-to-day translation module is a trained CycleGAN-based module
that adjusts object brightness in nighttime images to levels comparable to daytime images.
The effectiveness and superiority of the proposed method are validated using image quality
metrics. The proposed method significantly contributes to image enhancement, achieving
the best average scores compared to other methods, with a BRISQUE of 30.426 and a PIQE
of 22.186. This study improves the accuracy of human and object recognition in CCTV
systems and provides a potential image-processing tool for autonomous vehicles.

Keywords: image processing; image-to-Image translation; image fusion; long-wave infrared
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1. Introduction

Various algorithms have been proposed to enhance low-light images, particularly un-
der nighttime conditions. These include methods based on single-scale Retinex, dehazing
models, enhancement techniques for non-uniform illumination, and deep learning-based
approaches. Liang et al. introduced a Retinex-based decomposition method using nonlin-
ear diffusion filtering to accurately estimate the illumination component [1]. This method
incorporates surround suppression to effectively reduce unnecessary textures while pre-
serving edge information, thereby minimizing halo artifacts often observed in traditional
Retinex algorithms and enhancing local contrast. Lin and Lu proposed a novel Retinex-
based enhancement model by combining Shrinkage Mapping with a Plug-and-Play ADMM
framework [2]. This model applies non-convex L, regularization to the illumination com-
ponent to suppress texture while preserving major edges. It also refines the illumination
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map using iterative self-guided filtering, which helps reduce edge blurring. This integrated
strategy provides a balance between visual quality and computational efficiency.

In the context of dehazing-based methods, Yu and Zhu proposed a physics-inspired
illumination model to explain the degradation process of low-light images through vari-
ables such as local ambient lighting and light scattering attenuation [3]. Initial illumination
is estimated based on Retinex theory and a Gaussian surround function, followed by
iterative refinement of illumination and attenuation under constraints that minimize infor-
mation loss. A weighted guided filter is used to suppress halo and block artifacts, while
adjustments in brightness are performed in the HSV color space to reduce color distortion.

For handling non-uniform illumination, Pu and Zhu proposed a contrast/residual
decomposition approach inspired by retinal visual mechanisms [4]. Without relying on
physical models or deep learning, this method achieves natural brightness enhancement
and detail preservation by using multi-scale adjustment and a weighted guided filter
to maintain local contrast and suppress halo artifacts. Wang and Luo proposed NPIE-
MLLS [5], which improves brightness imbalance and detail loss in low-light images by
aligning the low-frequency components of multi-layer frequency decompositions with
luminance statistics derived from high-quality natural images.

Among deep learning approaches, the recently proposed Zero-DCE offers a reference-
free, curve estimation-based method for low-light enhancement [6]. It predicts pixel-wise
curve parameters from the input image and adjusts brightness iteratively. The model is
trained using a set of non-reference loss functions—including spatial consistency, exposure
control, color constancy, and illumination smoothness—and achieves real-time performance
with a lightweight architecture. It effectively restores natural brightness and contrast and
demonstrates competitive results compared to supervised methods.

While these methods significantly improve the visual quality of low-light images and
enhance object visibility in dark regions, they face limitations when dealing with extreme
overexposure caused by strong light sources, such as vehicle headlights or tunnel exits at
night. As shown in Figure 1, even after applying Zero-DCE, objects in overexposed regions
remain difficult to recognize, and fine details are not sufficiently restored.

Moreover, the field of image-to-image translation has advanced significantly. Using
deep learning, generative models are primarily applied for image translation; these models
map input images to corresponding output images [7]. This approach allows nighttime
images to be transformed into daytime scenes, yielding clear visual outcomes even under
low-light conditions.

One of the deep learning-based image translation methods, namely Pix2Pix, is a type of
conditional generative adversarial network (CGAN), trained to map a conditional vector (or
input image) to the corresponding image within the training dataset [8]. The main objective
of Pix2Pix is to minimize the pixel-wise difference between the generated and real images
using CGAN and L1 losses. However, Pix2Pix has the disadvantage of requiring paired
datasets, which can limit performance under restricted data availability. CycleGAN was
introduced to overcome this limitation. This method enables image-to-image translation
using unpaired datasets, eliminating the requirement for paired data [9].

Various image translation algorithms have been developed based on CycleGAN, one
of which is ToDayGAN, a method for converting nighttime images to daytime images [10].
ToDayGAN improves performance by modifying the ComboGAN network as well as
applying three different discriminators based on the CycleGAN concept. This modified
network enables the transformation from day to night, as well as from night to day. To
achieve this, fake B images transformed from A to B are used as input to the generator,
which subsequently performs reverse transformation, converting the B images back to
A. This structure demonstrates excellent performance in converting nighttime images to
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daytime images. Unlike traditional generative adversarial networks, which compare fake
images with real images, ToDayGAN introduces a discriminator network with the same
structure to compare fake and real images using the following three methods: Blur-RGB,
Grayscale, and xy-Gradient, which refine the discriminator process. Similar to CycleGAN,
ToDayGAN can effectively preserve the sky area in nighttime images while generating
images that resemble daytime scenes. However, the fine details of objects present in
nighttime images may not be clearly transformed.

Figure 1. Example of an image containing both overexposed and underexposed areas(red square):
(a) a region with high exposure under nighttime conditions, and (b) a low-light image enhanced
using Zero-DCE.

The base—detail paired training method proposed by Son et al. [11] is another
CycleGAN-based technique for converting nighttime images to daytime images. This
method uses limited daytime and nighttime image data by generating a base nighttime
image via a bilateral filter and applying the single luminance adaptation transform (SLAT)
technique to the daytime image to set the base—detail learning direction. The images ob-
tained from the trained modules use a newly defined sigmoid function to generate a noise
reduction weight map based on the detailed images. This post-processing step removes
noise from unnecessary areas and enhances the details of the image, converting nighttime
images to daytime images. However, this conversion method presents limitations. Perfectly
converting completely dark nighttime images to daytime images is difficult, and depending
on the distribution of the training dataset, incorrect objects, such as trees or traffic lights,
may be generated owing to the arbitrary generation of unseen information.

To effectively represent object information in nighttime or low-light images, various
CycleGAN-based techniques for deep learning image translation have been applied. How-
ever, in test images that contain dark regions, object information is difficult to discern,
possibly generating incorrect objects. Additionally, as shown in Figure 1, images that simul-
taneously contain low-light and overexposed regions are challenging to process for image
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translation and enhancement using a single sensor. To address this issue, the information in
the input test images must be accurately complemented to prevent the arbitrary generation
of unnecessary objects during image translation.

This study aims to generate improved images for nighttime or low-light image conver-
sion without errors by acquiring visible-light and infrared (IR) images in multiple bands
and synthesizing these images, thereby accurately conveying the information contained in
the input test images. To achieve this, IR images were acquired and synthesized.

To capture IR images at night, an IR lamp is used as an artificial near-infrared (NIR)
light source, as shown in Figure 2, allowing NIR images to be acquired even in the absence
of natural light [12]. However, such existing imaging devices increase structural complexity
and have limitations when capturing distant objects in NIR images. Therefore, a new device
is required that reduces the complexity of the equipment while simultaneously capturing
visible-light and IR images at the same location, even when objects are moving.

Wide-band camera lmage fusion

/: . (Visible+IR fusion)
e Trigger signal
Ut Frame
* __rate IR lamp control

IR lamp Camera trigger circuit |« cireuit

Intensity switching |«

Light control

Figure 2. Conventional visible and NIR image acquisition equipment using an IR lamp [12].

Conventional methods for synthesizing IR and visible-light images include deep
learning- and algorithm-based methods. One deep learning-based method for IR and
visible light image synthesis is DenseFuse (The version of PyTorch used for DenseFuse
in this study is 1.11.0) [13]. This deep learning network consists of convolutional layers,
fusion layers, and dense blocks. The dense blocks connect the output of each layer to all the
other layers, allowing the information from the input layer to be passed to the next layer.
The deep learning-based fusion process extracts additional useful features from the original
image during the encoding phase. The input test images, including the visible-light and
IR images, are fused using two strategies, namely, the additive and L1-norm strategies,
which are applied through the trained module. The advantage of the dense blocks is
that they preserve existing information for as long as possible and reduce overfitting via
regularization effects. However, the resulting images are not as sharp as those generated
by conventional algorithm-based fusion methods.

Another deep learning approach for visible and IR image fusion is SWIN fusion [14].
To address the context information lost by the content-independent nature of convolu-
tional operations, this study proposes a Residual Swin Transformer Fusion Network.
The method consists of three stages—global feature extraction, fusion layer, and fea-
ture reconstruction—and employs a pure transformer-based backbone together with an
attention-based encoding architecture to effectively model long-range dependencies that
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conventional CNNs overlook. An L1-norm-based fusion strategy is also introduced, mea-
suring activity levels across both row and column dimensions to balance the preservation of
infrared brightness and visible details. However, because extremely bright visible regions
(e.g., vehicle headlights) are retained almost unchanged, the enhancement of LWIR details
in scenarios such as tunnel entry/exit or under headlight illumination remains limited.

Next, the low-rank representation fusion algorithm, known as a traditional synthesis
algorithm, decomposes the image into low-rank (global structure) and saliency (local
structure) components [15]. The low-rank fusion separates the low-rank (global structure)
and saliency components (local structure), and the low-rank components are fused using
a weighted average strategy to preserve edge information. The saliency components
are subsequently fused using a sum strategy, and the final fused image is obtained by
summing the low-rank and saliency components. However, this algorithm has limitations
when capturing the fine details of IR images, reducing its effectiveness at representing
edge information.

To extract the fine details of IR images and apply them to the fused image, the
Laplacian—Gaussian pyramid [16] is used to separate the base and detail components,
followed by multi-resolution decomposition for image synthesis. The Laplacian—-Gaussian
pyramid and local entropy fusion algorithm are traditional methods used for visible-NIR
image fusion, maximizing the information obtained from visible-light and IR images using
local entropy [17]. This algorithm decomposes the image into multiple resolutions using
the Laplacian-Gaussian pyramid and subsequently smoothly fuses the images at each
resolution level based on local entropy. Additionally, the multi-resolution fusion process
generates a weight map to adjust local contrast and visibility to yield the final fused result.
However, this method fails to sufficiently preserve the fine details of IR (NIR) images and
has the limitation of producing unnatural color representations.

Another approach involves using the Laplacian-Gaussian pyramid to separate the base
and detail layers and subsequently combining the visible and IR images using principal
component analysis (PCA) to enhance image sharpness [18]. Unlike traditional PCA
computation, this method generates a weight map for specific detail areas and avoids
PCA computation in unnecessary regions with many zero-pixel values. Afterward, the
PCA-based fusion method generates a radiance map, and the Stevens effect is applied to
the color representation model to enhance local contrast and details. Colors are corrected
by calculating the brightness difference between the input visible-light image and the
generated radiance map. This method reduces edge degradation in IR images to a greater
extent than conventional methods, improving local contrast and detail and preserving the
colors on visible-light images.

To effectively extract the fine details of IR images, a method uses the contourlet
transform [19] instead of the Laplacian-Gaussian pyramid to decompose the base and
detail images and effectively synthesize the detail information. This method extracts
directional detail information from both visible-light and IR images using the contourlet
transform and calculates the optimal weights for combining the details of both images using
the PCA fusion algorithm. Subsequently, the iCAMO06 tone mapping method is applied
to the base visible-light image to enhance the overall brightness and contrast of the fused
image [20]. This synthesis method yields sharper details than the traditional Laplacian—
Gaussian pyramid fusion algorithm but has limitations in controlling halo artifacts and the
bright light from vehicle headlights, which can complicate vehicle identification.

This study conducts multi-band image fusion using visible-light and long-wave in-
frared (LWIR) images. First, directional detail and base information are precisely extracted
from IR and visible-light images through the contourlet transform. Instead of traditional
PCA-based fusion, discrete cosine transform (DCT) [21,22] is used to effectively combine
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the base and detailed information of each band. Subsequently, iCAMO06 tone mapping [23]
is applied to adjust the overall tone of the fused image naturally. The synthesized image
is subsequently used as an input to the CycleGAN night-to-day translation module to en-
hance detail training. This approach minimizes the problem related to generating incorrect
objects during image translation and sets the training direction to effectively represent the
details of IR images using a multi-scale single-scale Retinex (SSR) module [24,25], unlike
existing methods.

Conventional image fusion techniques, such as the algorithm-based Latent Low-Rank
method and deep learning-based networks like DenseFuse and Swin fusion, have attempted
to combine IR and visible images. However, these methods face limitations in effectively
handling extreme nighttime lighting conditions, such as overexposure caused by vehicle
headlights or underexposed backgrounds. In particular, DenseFuse and Swin fusion focus
primarily on the simple integration of low-level features, while Latent Low-Rank and
base—detail CycleGAN-based approaches rely on decomposing image details for synthesis
and translation, yet fail to explicitly preserve directional or spectral detail information.

In contrast, the proposed method introduces a hybrid approach that integrates algo-
rithmic and deep learning-based techniques to overcome these limitations. Specifically, it
combines multi-band image fusion using the contourlet transform for directional decompo-
sition, DCT-based fusion to preserve local details, and iCAMO06 tone mapping for natural
color representation. This is integrated with a CycleGAN-based night-to-day translation
module to enhance visibility in low-light nighttime environments. Notably, the infrared im-
age compensates for detail loss in overexposed regions that visible cameras cannot recover,
while helping preserve the overall structure and natural appearance of the scene. This
integrated strategy enhances object visibility and edge clarity in both bright and dark areas,
demonstrating superior performance across multiple image quality evaluation metrics.
Consequently, it is well-suited for real-world applications such as surveillance systems and
autonomous driving.

2. Materials and Methods
2.1. IR Camera Settings and Preprocessing of LWIR Images

A new camera device was required to enhance images of dark areas using IR imaging.
To simultaneously capture IR and visible-light images in a real vehicle, a configuration
was developed using an LWIR camera and a compact camera sensor. The LWIR camera
can typically use a hot mirror beam splitter filter, employed to separate the wavelength
bands of LWIR cameras. However, separate filter plates that reflect LWIR wavelengths are
expensive and difficult to obtain. Therefore, instead of using a beam splitter, the camera is
arranged vertically, as shown in Figure 3.

As the LWIR wavelength cannot pass through the windshield of the vehicle, the camera
is mounted on top of the vehicle’s bonnet to capture the images, as shown in Figure 3. The
FLIR ADK model thermal camera was used, developed and manufactured by Teledyne
FLIR, headquartered in Wilsonville, OR, USA, with a horizontal field of view (HFOV) of
32° and an operating frequency of 60 Hz. For visible-light imaging, a general-purpose
Arducam 8-megapixel USB camera with an HFOV of 58° was used. The Arducam 8MP
AF Mini USB camera module, designed and developed by Arducam (Nanjing, China),
was utilized. As the visible-light camera has a wide field of view, alignment with the
LWIR camera is essential. The wavelength information of the webcam and LWIR camera is
summarized in Table 1.

NIR images can be directly applied to the fusion algorithms of the existing and
proposed methods without any preprocessing. However, as shown in Figure 4, the sky
region of LWIR images is represented in black, and applying the fusion algorithm under
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this condition may degrade the image quality. Therefore, the LWIR input images must be
appropriately preprocessed before applying the fusion algorithm.

| ‘ @ ‘ > Arducam $MP Auto Focus |

I Mini UVC Camera I

I Affine SIFT and Homography I
Matrix for Image Alignment

l ——> FLIR LWIR ADK Camera |

! I

Figure 3. Installation of the FLIR camera on the vehicle bonnet.

Table 1. Camera device specifications.

Device Wavelength
FLIR ADK 8-14 pm
Arducam 8 MP AF Mini USB 650 nm integral IR filter, visible light only

(b)
Figure 4. Comparison between the NIR and LWIR images, the sky area (red circle) in the NIR image

appears in gray tones, while the sky area in the LWIR image appears black. (a) Visible-light and NIR
images, (b) visible-light and LWIR images.
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LWIR images may contain unnecessary black regions, such as a sky area. To address
this issue, the input images are preprocessed using inverse and difference images. The
difference between the LWIR and visible-light images is considered during preprocessing,
with an emphasis on visible objects in LWIR images but not in visible-light images. The
objective is to enhance the quality of the fused image by inversely transforming the dark
areas. Additionally, a bilateral filter is applied to reduce the noise that may exist in the
original LWIR image and improve the final LWIR input image. The code used in this
process is presented in Algorithm 1, and the processed result is displayed in Figure 5.

Algorithm 1. Pseudocode for inversely transforming the black-region pixels in LWIR images

Inverse LWIR images for image fusion

Input:

vis: visible grayscale image

ir: LWIR grayscale image

Output:

ir_inv_processed: processed LWIR image with inverse detail emphasis

# Invert the LWIR image

1: inv_ir =255 — ir

# Clip negative values to emphasize IR-dominant regions
2: dff_img = max(ir — vis, 0)

# Remove low-frequency components using inverse IR

3: dff_img 2 = max(dff_img — inv_ir, 0)

# Combine high-frequency details with smooth inverted IR
4: add_img = dff img 2 + inv_ir

# Denoise using edge-preserving bilateral filter

5: ir_inv_processed = BilateralFilter(add_img)

# Result of image

6: return ir_inv_processed

Bilateral Filter

LWIR-Visible Inverse LWIR Diff—Inverse LWIR Pre-processed Image
(Diff) (Diff_Object) (Diff_Object + Inverse LWIR)

2

Inverse Difference Map,
with Bilateral Filter

LWIR Origin Image Processed LWIR Image

Figure 5. LWIR input image after preprocessing.
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2.2. Visisble-IR Image Fusion

Prior to image synthesis, extracting detail components to preserve the features that
constitute multi-band images is crucial. Multi-band image synthesis captures and accurately
extracts the contours of invisible objects in the visible-light image. Traditional detail
extraction methods primarily decompose an image using the Laplacian-Gaussian pyramid,
an algorithm that decomposes the input image into multiple scales by Gaussian blurring,
up/down sampling, and difference images. This process enables the detailed information
obtained from the different images to effectively extract the contours of objects appearing
in the IR image, and by combining this with the detailed information from the visible-light
image, an improved synthesized image can be generated.

However, the traditional Laplacian-Gaussian pyramid method has limitations in
terms of extracting fine details. To overcome this, the contourlet transform, which can
extract directional components, has been introduced. Contourlet transform effectively
captures directional details, thereby increasing the sophistication of image synthesis and
enhancement. Accurate image synthesis and enhancement processes can be implemented
using the extracted detailed information. In this study, image synthesis is conducted via
the process outlined in Figure 6 for image detail extraction, synthesis, and enhancement.

iICAMO06 Tone Compression
Visible Luminance

Visible a, b color space Lrused

Color Compensation

LAB to RGB

Fusion Image

Figure 6. Proposed LWIR fusion method.

This study developed an algorithm for fusing LWIR and visible-light images and
proposed a method that can be applied to NIR and visible-light image fusion. To achieve
this, the traditional synthesis methods based on contourlet transform, PCA, and iCAMO06
were improved. In the existing fusion approach, the base region was used as the visible-
light base image, and only the detail region was synthesized using PCA for visible-light
and IR detail images [20]. However, the proposed improved method introduces a new
DCT-based fusion technique to combine the base and detail components.
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In the traditional synthesis method, PCA is used to compute the most influential
weights from each image, and based on these, the base and detail images of visible-light
and IR are fused. However, if the detail image contains several zero pixels, noise is
introduced, and the darkness of the resulting image increases. To overcome this limitation,
a DCT-based image fusion method is proposed.

In DCT-based fusion, the frequency components of an image are separated into DC
and AC components [22]. The DC component corresponds to the low-frequency region
of the image and primarily handles brightness information, whereas the AC component
represents the high-frequency region, containing detailed information such as contours.
Herein, after applying DCT transformation, the visible-light and IR images are fused via the
following approach. The DCT-based fusion technique allows for the application of various
fusion algorithms, and herein, the method of averaging the brightness information of the
two images to adjust the overall brightness difference is adopted. This can be expressed

using Equation (1).
DCyis + DCjy
e ™

where DCfs.4 represents the fused DC component, DCy;s denotes the DC component of

Dcfused =

the visible-light image, and DC;, refers to the DC component of the IR image.

The AC component is fused by selecting the one with the more distinct contours or
details between the two images. To achieve this, the size, contrast, or energy of the AC
components is used to determine which image contains dominant details. In this study, the
AC components of the two images are fused based on the magnitude of the AC component,
as expressed in Equation (2).

AC fyseq = max(ACy;s, ACyr), 2)

where ACyys,4 represents the synthesized AC component, ACy;s is the AC component of
the visible-light image, and ACj, is the AC component of the IR image.

This method allows the details of both images to be preserved while emphasizing the
contours. The approach, known as DCTma, which averages the DC components and selects
the AC components, demonstrated the highest fusion quality in experimental results, and
this method was chosen as the optimal fusion technique in this study. Figure 7 displays
the results obtained from combining the base and detail images, decomposed through
contourlet transform, using the DCT fusion method.

The pseudocode presented in Algorithm 2 explains the DCT fusion method applied
herein. First, the visible-light and IR images are divided into 4 x 4 blocks. The DC
components of each band are fused using the average value, whereas the AC components
are synthesized by selecting the larger value between the two images.

Algorithm 2. Pseudocode for DCT-based fusion

DCT-based image fusion

# List of terms:

Input (base or detail image) : visible image vis, LWIR image ir
Block size : bs =4

Output: I¢

Buis or ir(i, ) = Visible or IR image divided into blocks of a specific size
DCT: Discrete cosine transform

Cuis or ir: DCT coefficients of the visible or IR image

D(i,}) : Selected DCT coefficients from the visible and IR images

N: Size of the image
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Algorithm 2. Cont.

B (i, j): Fused image obtained by processing the visible and IR DCT coefficients on a
block-by-block basis

# Block-wise decomposition:
Byis(i,j) = vis(i:i+bs—1,j:j+bs —1)

B (i,j) =ir(i:i+bs—1,j:j+bs—1)

# Perform DCT:
Cvis = DCT(Bvis)

Cir = DCT(BUiS)

# DCT coefficients:
(1) Selection of AC components:

(i, j) = 4 Cos 00 if1Cois @A IZICrCD e i 2103, N
/ Cir(i,j) otherwise ’ ’ /2,30

(2) Half sum of DC components:

D(0,0) = (Cvis (i/j) + Cir(i/j))

N =

# Inverse DCT:
Bs(i,j) = IDCT(D(i, )

# Final result of the fused image:

If(i:i+bs—1,j:j+bs—1) IBf(i,j)

The base and detail images synthesized using the DCT fusion method (DCTma)
are corrected based on the iCAMO06 framework. Tone mapping is applied to the base
image to adjust image brightness, yielding a visual effect similar to that of HDR images.
Subsequently, the Stevens effect is applied to the detail region based on the adjusted base
image, enhancing the overall visibility of details.

iCAMO6 is a tone mapping algorithm designed to make low dynamic range (LDR)
images appear as high dynamic range images. This algorithm operates by estimating the
brightest white point in the LDR image and calculating a new white point to enhance
brightness and contrast. Herein, visible-light and IR images were divided into base and
detail regions and subsequently fused. The tone mapping algorithm was specifically
applied to the base image, which contains fundamental information. The visible-light and
IR images were treated as low- and high-exposure images, respectively. Via tone mapping
based on these two images, the image quality was effectively improved.

Unlike the original iCAMO06, which transforms LDR images in RGB channels into
the XYZ color space, RGB channels could not be directly used owing to the inclusion
of IR images. Therefore, all input images were converted into the LAB color space, and
iCAMO6 tone mapping was performed in the luminance channel. Chromatic adaptation
was redesigned to adapt the luminance components between the visible-light and IR fused
image and the visible-light image based on the values of the fused and visible-light images
before establishing the final white point. This process is briefly depicted in Figure 8.
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Figure 7. Extraction of directional detail components and synthesis of base and detail components

using contourlet transform. Decomposition results of the (a) visible-light, (b) LWIR images, and

(c) images resulting from the synthesis of the base and detail components.

Ljrbase

LWIR luminance

DCTy, Fusion

Lrusedbase

Lyrgbase

Detail Layer
(DCT detail fusion + Stevens effect)

Tone Compression

Visible luminance

FL, Wyis new

B

Surrounding image
(WUIS new )

iCAMOG6 tone compression
(base layer) Result fusion luminance image

Figure 8. Block diagram for generating base layer tone compression of the visible-light and IR fused

image based on the iCAMO6 process (in Figure 6. Lr;g.q).
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To calculate tone compression in the luminance channel, three pieces of information
must be determined based on the visible-light image, as expressed in Equation (3).

La = 0.2 X Wyis_new,

k= sxlar1 , ®)
FL=02xk*x (5% La) + 0.1 x (1—k*)" x (5x La)*/?

where La represents 20% of the luminance channel in the surrounding visible-light image,
Whew vis denotes the surrounding visible image (instead of the white point) of the visible-
light image, k is calculated based on La and used to compute FL, and FL is the factor of the
luminance-dependent power function.

The surrounding image ( Wy;s_ner) is calculated based on the luminance channel and
serves as a reference point for adjusting the brightness of the image. Tone compression was
conducted based on Ifyseq_pase and is expressed using Equation (4).

0.7
400 x (PL x M)

ins_n ew

ITC_fusion = +0.1, (4)

27.13+ (L —Ix:jfe‘j)m
where ITc_fysion is the final tone mapping image (resulting fusion luminance image),
Ifused_pase 1S the base image of the visible-light and IR fused image generated by DCT
fusion, and Wy;s ¢, is the surrounding image of the visible-light image.

Figure 9 compares the synthesis results based on block size. When the block size was
2, the noise was minimal; however, the detailed representation of the road surface was
insufficient. By contrast, although some noise appeared in the sky region, the detailed
representation of the road surface and building improved considerably when the block
size was 4. When the block sizes were set to 8 and 16, the noise increased sharply, thereby
deteriorating the overall image quality. In conclusion, using a 4 x 4 block size minimized
noise while maximizing the quality of the synthesized image. This indicates that the most
prominent details from both images can be effectively combined, balancing the advantages
of both visible-light and IR images.

Figure 9. Comparison of the resulting images based on block size: (a) 2 x 2, (b) 4 x 4, (c) 8 x 8, and
(d) 16 x 16 block sizes.
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2.3. Fused Image with Image Translation Modules

To enhance nighttime images using the proposed fusion method, two image trans-
lation methods were applied. The first method applies the base night-to-day module,
using the existing SLAT image processing technique to enhance the overall brightness of
the image [11]. The second translation module employs the SSR image processing tech-
nique to preprocess all training datasets and improve image sharpness related to object
identification [25].

Figure 10 displays the proposed block diagram, depicting the image translation
method following image fusion. The proposed method generates a base component to
set the training direction for improving the fused images obtained from the two sensor
modules and forms a paired dataset with the real daytime images to enhance overall bright-
ness (base night-to-day module [11]). This method improves contrast through training
from nighttime to daytime while learning details to enhance object contour identification
(multi-scale SSR module [25]), thereby distinguishing this method from the previously
proposed training translation methods.

Base Night2Day
Module

CycleGAN

d

Image Recomposition
(Merge base and detail) |

‘\; —-

Night2Day SSRI

Module \
SSR i Night Image Translation Result
(Single Scale —>CycleGAN N'ghli/[]?)z]ismo*
Retinex)

Night2Day SSR40| |
Module

Figure 10. Block diagram of the process applied to improve image quality through image translation
using the proposed method after image fusion.

Additionally, the training dataset of the multi-scale SSR module differs in composition
from those of previous methods. The proposed method learns the transformation direction-
ality based on nighttime and daytime images while maintaining the basic structure of the
nighttime-daytime paired dataset, including SSR1, SSR10, and SSR40.

The main object of training the base night-to-day translation module is to ensure that
the sharpness of the nighttime images matches that of the daytime images. To achieve this,
a training dataset for converting nighttime to daytime is used to improve object visibility
in nighttime images. After training in an unpaired manner using the proposed synthesized
image data augmentation technique, a paired dataset consisting of generated fake nighttime
images and real daytime images was prepared. This training method enhances details
while preserving the original color and objects of the input images. The block diagram
shown in Figure 11 displays the process of generating fake nighttime images through
unpaired CycleGAN training.

As shown in Figure 12, the night-to-day translation module used in this study first
processes the daytime image using SLAT to increase the distinctness of the object shapes.
The fake nighttime images generated from the unpaired training module are subsequently
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blurred using a bilateral filter and paired with the daytime images processed by SLAT to
generate a day-night paired dataset for CycleGAN-paired training.

Fake Image Generation

CycleGAN

t-tq-dfzy

il 4

BT

CycleGAN

Blurrred Night Images

(Base Images) SLAT Day Images

Figure 12. Training process using the base night-to-day image translation paired dataset.

To simultaneously implement daytime conversion training and detail enhancement,
SLAT processing was applied to the real daytime images corresponding to the blurred fake
nighttime images to generate the paired dataset. SLAT processing is an image processing
technique that increases local contrast while preserving detail regions [26]. Herein, by com-
bining unpaired CycleGAN training, bilateral filtering, and SLAT processing to generate
the paired dataset, the details were enhanced while preserving the original color of and
objects in the input images.

Subsequently, paired CycleGAN training was performed using the SLAT-processed
real daytime images and the fake nighttime base images generated via unpaired CycleGAN
training. Therefore, the generated paired CycleGAN (base night-to-day model) effectively
enhanced the local contrast of the daytime images, restored the details, and improved
object identification capabilities.

The base night-to-day model enhances details and effectively represents objects but
may introduce noise. Excessively enhancing details can increase the prominence of noise in
the final image; therefore, applying image processing techniques that reduce noise while
preserving the details is important. Therefore, as shown in Figure 13, a post-processing
step is applied to reduce noise in unnecessary areas in the base night-to-day model.

\ Fused Detail Image Proposed Results

)
ROI Image /

Addition

Test Image Generated Image
\\ (Real night) | (Fake day) /

Detail Extraction

Difference Weighting Map Enhanced Det

ilhout Noise_

4 = (
Stevens .
Effect - “ -~
Detail P
/i Enhanement LN =
Night Detail Image  Day Detail Image Local Blur Inverse LocalBlur | |

Night Detail Image B D il /

I

Figure 13. Post-processing for noise-reduced images generated by the base night-to-day image translation.
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Using the synthesized images from the proposed method with the base night-to-day
module as test input images, the image translation process ensures that unnecessary objects,
such as trees or traffic lights, are not generated during conversion. In addition to this
module, the multi-scale SSR module [25], which will be addressed by the proposed method,
was used to enhance the sharpness of the objects.

The key difference between the proposed method and traditional base night-to-day
image translation is the generation of images through the base night-to-day translation
module to determine the training direction for improving the fused images obtained
from the two sensor modules. This approach enhances overall brightness while learning
from nighttime to daytime. Additionally, the idea of a training module based on the SSR
dataset in the detail component is adopted to further strengthen detail training and object
contour identification. This is the major distinction from the previously proposed learning
translation methods. As shown in Figure 14, the composition of the training dataset is
different. The proposed method trains the transformation direction based on nighttime and
daytime images while maintaining the basic structure of the nighttime-daytime training-
paired dataset, including SSR1, SSR10, and SSR40.

Paired
CycleGAN

—  SSR Processing HA i

SSR 10 Real clean SSR 10 Fake night

Fake night images

SSR 40 Real clean SSR 40 Fake night

Figure 14. Multi-layer SSR pair training for day-night detail training.

The final translated image, as shown in Figure 15, is a composition of all the output
images generated from the base night-to-day and SSR night-to-day translation modules. To
enhance the brightness of the night-to-day translation module, a detailed image was added
based on the base image of the base night-to-day translation module. This yielded a syn-
thesized image with better object identification compared to the previous synthesis results.

The image reconstruction depicted in Figure 15 represents the process of transforming
test images using the modules trained using the proposed method. In this process, base
images are generated for the base—detail night-to-day module by applying blur processing
to the test images, and SSR processing is applied to each layer of the multi-layer SSR
module. That is, the test process follows the same approach as that used in the training
phase. Each module generates a result image, providing a total of four output images.
These four generated images are subsequently synthesized into a single transformed image.
Before synthesizing the layered fake images, the images are first converted to the LAB color
space, and decomposition and synthesis are conducted in the luminance channel.

4 .
Lenhance (xr ]/) = basegnp (xr ]/) + Zi=1 detail, (x/ ]/)r (5)
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where L jance(X,y) represents the final image, basegnp(x,y) is the base image obtained
from the base night-to-day module, and Y-}, detail;(x,y) represents the detailed images
separated by a bilateral filter. Here, i sequentially represents a total of four modules,
including the base night-to-day and three SSR night-to-day modules, where i = 1 refers
to BND and i = 2, 3, 4 refers to the three SSR layers. The base image of the final result is
composed of the base image obtained from the night-to-day module. The base component in
SSR o1 is closer to the original than the base components in other sigma scales. Additionally,
modules using high sigma scales contain increased noise and halo effects in the base image,
possibly negatively impacting the synthesis results. By contrast, modules with low sigma
scales minimize these effects, allowing for a large proportion of the base image information
to be used when constructing the final result image. The details extracted from the sigma
scale modules are combined to generate the final image, which is subsequently processed
through a normalization step, mapping values between 0 and 255 to complete the final
image. The details extracted from each module contribute equally to the final result via this
normalization process.

Base—Detail Module's base image

<

Detail images

L channel Synthesized image with
synthesized image color preservation
Base-Detail Module's SSR1 Module's

detail image detail image

SSR10 Module's SSR40 Module's
detail image detail image /

Figure 15. Process of image translation for the synthesized images obtained through two methods

using the image translation modules.

Figure 16 compares the synthesized image, created by fusing visible spectrum and
long-wave infrared images using the proposed method, with the corresponding image
obtained via the night-to-day image translation module. The final image, processed with
the day-night translation module, enhances shadowed areas by increasing their brightness,
thereby improving the visibility of objects in these regions. Overall, this reconstruction
approach effectively brightens the LWIR-fused image and reduces noise. To evaluate the
performance of the proposed method against existing techniques, a quantitative comparison
was conducted using a test set of 217 images.
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(d)
Figure 16. Comparison of shadow region enhancement between the previously proposed method

and the method with the added day-night conversion module: (a) visible light image, (b) long-wave
infrared image, (c) contourlet-DCTma fusion result from the proposed method, and (d) contourlet-

DCTma fusion result with the day—night conversion module integrated.
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3. Simulation Results
3.1. Visible and IR Image Alignment

This study confirmed that the positions of objects in the LWIR images captured using
the equipment do not align. When the positions of objects differ, obtaining accurate
image fusion results becomes challenging, necessitating the implementation of an image
alignment process. To address this, the ASIFT algorithm was used to align the images,
using the computed homography matrix in the process [27]. LWIR images, which are
thermal images, have significantly different characteristics from those of NIR and visible-
light images; therefore, finding sufficient feature points for smooth alignment using the
standard SIFT [28] algorithm is difficult. Hence, the ASIFT algorithm was used to extract
feature points, enabling highly accurate alignment with the visible-light images.

The ASIFT algorithm is an extended version of SIFT that simulates all possible image
views to extract several keypoints. ASIFT is designed to maintain invariance to affine
transformations and handles two camera angle parameters, namely latitude and longitude,
which are disregarded in the original SIFT algorithm. By simulating changes in the camera
viewpoint from the original image, ASIFT generates multiple views and subsequently
applies the SIFT algorithm to extract keypoints. ASIFT effectively handles all six affine
transformation parameters by applying the SIFT method to the generated images for
comparison. Therefore, ASIFT provides mathematically complete affine invariance and can
extract more keypoints than standard SIFT. Figure 17 displays the resulting images when
matching using the SIFT and ASIFT algorithms.

(a)

(b)

Figure 17. Results of feature point matching using the SIFT and ASIFT algorithms: (a) SIFT and
(b) ASIFT matching.

The image alignment method used for visible-light and IR images in this study is
summarized as follows. ASIFT is an extended version of SIFT that provides invariance
to affine transformations and demonstrates strong image-matching performance across
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various camera viewpoints. In particular, for aligning LWIR with visible-light images, the
use of the ASIFT algorithm, instead of the standard SIFT algorithm, is essential. Although
ASIFT incurs a higher computational cost than SIFT, the improvement in image-matching
performance justifies this cost; therefore, ASIFT is particularly useful for aligning visible-
light and IR images.

3.2. Comparison of Image Quality Assessment with Conventional Methods

Objective evaluation metrics are essential for assessing the proposed image processing
methods. Herein, the enhanced images were evaluated in comparison with those obtained
from existing visible-light and IR image processing methods using image quality assessment
methods. The image evaluation was based on image quality and sharpness metrics. The
main objective of this study is to represent objects clearly within images, making sharpness
metrics crucial. Additionally, brightness and contrast were considered important evaluation
factors to enhance object visibility. Therefore, relevant image quality metrics were included
in the evaluation. A total of six image evaluation metrics were used, four of which were
image quality metrics, two metrics were related to image distortion, two assessed image
contrast, and two were sharpness metrics.

BRISQUIE is a metric based on Natural Scene Statistics that evaluates image distortion
by measuring the differences in pixel intensity distributions to assess image quality [29].
This metric is particularly sensitive to various image distortions and calculates the quality
score using an SVM model. PIQE focuses on analyzing the pixel contrast and relative
brightness of an image to evaluate the degree of distortion [30]. This metric is advantageous
for detecting sharpness and noise and assessing the structural consistency of the image.

CEIQ is a metric that evaluates contrast distortion in an image [31]. CEIQ improves
contrast using histogram equalization and subsequently calculates SSIM, entropy, and
cross-entropy to assess quality. MCMA is a method that optimizes image contrast while
minimizing artifacts, evaluating dynamic range usage, histogram shape distortion, and
both global and local pixel diversity [32]. This method naturally enhances contrast without
excessive contrast adjustment.

LPC-SI is a no-reference metric that evaluates image sharpness by analyzing high-
frequency components and measuring local phase coherence [33,34]. Sharp images exhibit
strong phase coherence in the high-frequency region, which can be used to assess sharpness.
53 is a metric that evaluates sharpness by simultaneously considering both spectral and
spatial changes in the image [35]. It calculates these changes in each image block and
combines them to derive the final sharpness score.

These evaluation metrics objectively assess the effectiveness of the proposed image
processing method and improve image quality. Each metric uniquely evaluates image
distortion and sharpness, enabling accurate quality analysis. A summary of the evaluation
metrics is listed in Table 2.

Table 2. Summary of the image evaluation metrics.

Metrics Evaluations
BRISQUE, PIQE Image quality metric for image naturalness (distortion)
CEIQ, MCMA Image quality metric for image contrast
LPC-5I, S3 Image sharpness metric

The visible-light and IR images obtained using the proposed method were compared
with those obtained using the existing deep learning- and algorithm-based methods to
evaluate the fusion effectiveness of the proposed method. The first comparison included
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the DenseFuse method, which uses dense blocks to ensure continuous information flow
between layers, preserving the important features of the visible-light and IR input images.

Algorithm-based methods were included in the comparison. The Laplacian—Gaussian
pyramid entropy fusion method applies the Laplacian pyramid to capture multi-scale
details and subsequently combines the key features from both modalities via entropy-based
fusion. This method effectively balances the details between IR and visible-light images.
Similarly, the Laplacian pyramid PCA fusion method uses the Laplacian pyramid combined
with PCA to reduce dimensionality, improving sharpness and contrast in the fused result
while maintaining essential image features.

Another algorithm-based method, low-rank fusion, separates the image into low-rank
(global structure) and saliency (local structure) components. The low-rank component is
fused using a weighted average, whereas the saliency component is combined using a sum
strategy, enhancing global consistency and local details.

Moreover, methods using the contourlet transform were evaluated. The contourlet-
PCA method uses the contourlet transform to extract multi-directional and multi-scale
features and subsequently fuses features through PCA, providing an effective means to
preserve edge and texture information. The method proposed in this study, contourlet-DTC,
uses DCT fusion instead of PCA. This method particularly emphasizes high-frequency
components, focusing on contrast preservation and detail enhancement.

Another proposed method integrates contourlet transform and DCT fusion and en-
hances the fusion results by adding a CycleGAN-based day-to-night transformation mod-
ule, which is highly effective in improving image visibility in low-light environments.
Additionally, an SSR module is used to improve illumination handling and detail preserva-
tion. The combination of these techniques, particularly the integration of contourlet-DCT
fusion and CycleGAN-SSR enhancement, provides a superior fusion method that con-
siderably improves sharpness, contrast, and overall image clarity with respect to those
obtained from existing methods. This method is particularly suitable for applications such
as surveillance and navigation in low-visibility environments.

3.3. Specification and Processing Time

To perform image translation using the proposed fused images, a preprocessing step
is required. After all steps are processed in parallel, analyzing the images generated at
a resolution lower than SD quality (560 x 448) revealed that the most time-consuming
preprocessing method, SSR processing, required approximately 0.993 s/image (with a
total time of 2.98 s required for the three SSR modules). The most time-consuming task
in the hierarchical SSR module, the base—detail module, required 0.254 s. Additionally,
post-processing for image reconstruction required approximately 0.223 s. The total time
for image translation was approximately 1.47 s. Next, the algorithm-based DCT and PCA
syntheses required an average of 4.455 and 25.852 s/image, respectively, indicating that
PCA synthesis required approximately five times longer than DCT synthesis.

Summing the total time required for image synthesis and image translation yielded a
total processing time for image translation using DCT synthesis to be 5.925 s, whereas PCA
synthesis required 27.322 s. Therefore, a significant performance difference was observed
between the synthesis algorithms.

The CycleGAN-based image-to-image translation method was implemented on a
personal computer with the following specifications: Intel i9-10980XE 3.00 GHz CPU,
256 GB RAM, and NVIDIA GeForce RTX 3090 GPU. The proposed deep learning network
was developed using the CycleGAN framework based on PyTorch 1.11.0. Optimization
was conducted using the Adam optimizer, with 3 parameters set to 0.5 and 0.999. The
batch size was set to 1, and the learning rate was initialized at 0.0002, decreasing linearly
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every 100 epochs. The total number of training epochs was set to 250, and the image crop
size was fixed at 256 x 256 pixels.

The unpaired dataset used to train the CycleGAN day-to-night translation module
consisted of 6450 and 7744 daytime and nighttime images, respectively. Of the daytime
images, 1200 were collected from the proprietary dataset, and the remaining 5250 were
obtained from the Dark Zurich [36] and Adverse Conditions Dataset with Correspondences
(ACDC) datasets [37]. Of the nighttime images, 5400 were collected from the proprietary
dataset, and the remaining 2344 were obtained from the Dark Zurich and ACDC datasets.

The dataset used to train the base—detail model and the three different sigma scale
SSR models consisted of 4852 real daytime and synthesized nighttime images each. Of the
real daytime images, 1005 were collected from the proprietary dataset, and the remaining
3847 were obtained from the Dark Zurich and ACDC datasets. Tests were conducted using
real images captured via the proposed camera setup, and approximately 217 images were
evaluated and compared. A summary of the times required and the datasets is listed in
Table 3.

Table 3. Summary of the datasets and processing times of the CycleGAN-based deep learning modules.

Night-to-Day Module (IR Fusion)

Training: Dark Zurich, ADCD dataset, self-captured dataset (night)
Test: Self-captured dataset (LWIR)
4.455 s (Only fusion)
5.925 s (fusion + translation)

Dataset

Processing Time

3.4. Comparison of the Image Results Obtained from IR Fusion

To evaluate the individual contributions of each module in the proposed method,
an ablation study was conducted focusing on four key components: (1) detail extraction
method (Laplacian vs. contourlet), (2) fusion strategy (PCA vs. DCT), (3) the application of
iCAMO6 tone mapping, and (4) the number of sigma scales used in the SSR module during
the image translation stage. The results are summarized in Table 4.

Table 4. Ablation study of the proposed method: effects of fusion strategy, iCAMO06, and SSR scales
in image translation (J: Lower values are better, 1: Higher values are better, O: Used, x: Not used).

Fusion Method iCAM06 ND-Module SSR Scale BRISQUE,| PIQE] CEIQT MCMA?T LPC-SIT S31
Laplacian-PCA X X X 36.545 55.241 3.257 0.593 0.876 0.084
Contourlet-PCA X X X 34.741 46.317 3.120 0.554 0.861 0.067
Contourlet-PCA @) X X 30.563 31.761 3.380 0.676 0.906 0.140
Contourlet-DCT O X X 31.001 22.868 3.293 0.728 0.949 0.275
Contourlet-DCT O @) X 26.570 26.947 3.303 0.662 0.950 0.166
Contourlet-DCT @) @) 1 scale 32.201 22.568 3.325 0.706 0.956 0.212
Contourlet-DCT @) O 2 scales 32.979 23.827 3.255 0.699 0.958 0.207
Contourlet-DCT @) @) 3 scales 30.426 22.186 3.209 0.693 0.961 0.214

First, when comparing Laplacian-PCA and contourlet-PCA, the contourlet-based
method outperformed in overall quality metrics such as BRISQUE (36.545 — 34.741), PIQE
(55.241 — 46.317). However, detail-specific indicators such as LPC-SI (0.876 — 0.861) and
53 (0.084 — 0.067) showed a slight decline. Although contourlet decomposition inherently
captures multi-directional and multi-resolution information, the Laplacian-based approach
may emphasize certain high-frequency components more strongly due to its explicit multi-
scale filtering mechanism. Nonetheless, since contourlet effectively extracts directional
structural features, its integration with iCAMO6 tone mapping, particularly leveraging the
Stevens effect, can further enhance detail representation in downstream stages.
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Second, in the comparison between PCA-based fusion and DCT-based fusion strate-
gies, the DCT approach yielded superior performance in detail preservation. Specifically,
the LPC-SI score improved from 0.906 to 0.949, and the S3 score increased from 0.140 to
0.275. These results suggest that the block-based nature of DCT better retains localized
structural and high-frequency information than the global projection used in PCA.

Third, the effectiveness of the iCAMO06 tone mapping module was validated by ap-
plying it to contourlet-PCA fusion. With iCAMO06, BRISQUE decreased from 34.741 to
30.563, PIQE from 46.317 to 31.761, and CEIQ increased from 3.120 to 3.380. These results
demonstrate that iCAMO6 significantly enhances local contrast and restores perceptual
color consistency, especially in regions dominated by visible light.

Fourth, the effect of varying the number of sigma scales in the SSR module within
the CycleGAN-based image translation stage was analyzed using 1, 2, and 3 scales. The
configuration using three scales achieved the best balance between detail enhancement
and halo suppression. In this setting, S3 reached the highest score of 0.214, while LPC-SI
and PIQE also achieved their best values at 0.961 and 22.186, respectively. This indi-
cates that using three parallel sigma scales effectively reinforces structural details while
minimizing artifacts.

The final proposed method achieved the best performance among all configurations
in PIQE and LPC-SI and demonstrated competitive results in other quality metrics such
as BRISQUE and CEIQ. This confirms the method’s strength in preserving perceptual
quality and fine detail. The consistently high performance across various evaluation criteria
empirically validates the synergy of the proposed framework, integrating contourlet-DCT-
based fusion, iCAMO6 tone mapping, and a 3-scale SSR module.

To objectively compare the proposed method, LWIR images were used as an input with
the proposed inverse difference map method applied, yielding results from the conventional
yielding results from the conventional and proposed methods. The proposed method
synthesized IR images that passed through the headlights, increasing the clarity of object
separation. As shown in Figure 18, the contourlet transform effectively enhances the
contours of the vehicle and the road conditions; therefore, understanding the road situation
while driving becomes easy.

Figure 19 depicts the improvement in the visible-light images that are obscured by
strong headlights. The proposed method successfully revealed the position of the road
mirror behind the headlights and enhanced contrast in tree-covered areas, improving object
detection capabilities. This highlights a significant improvement in detection performance
with respect to those of conventional visible-light methods.

Figure 20 illustrates the advantages of applying the proposed method to a scenario in
which sunlight directly enters a tunnel. The characteristics of the IR image allowed for the
identification of vehicles inside the tunnel, and the proposed method better represented
the road situation, aiding the driver. Additionally, the details of the tunnel were captured
more accurately than when using the previous methods.

Figure 21 illustrates that during nighttime driving, oncoming headlights can impair
the driver’s field of view, making it difficult to accurately identify pedestrians or objects in
poorly lit areas. LWIR imaging, however, can capture information in these regions. The
proposed method effectively fuses the advantages of both input images, enabling simulta-
neous object detection in both dark regions and brightly illuminated areas (e.g., headlight
zones). Nonetheless, increasing the brightness in the DCT transformation process and the
night-to-day translation module results in noise in dark areas (e.g., regions with trees).
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Figure 18. Comparion of the visible-light and IR fusion images: (a) visible-light image, (b) LWIR
image, (c) Laplacian—Gaussian entropy, (d) latent low rank, (e) Densefuse, (f) SWIN fusion,
(g) Laplacian-PCA, (h) contourlet-PCA, and (i) proposed method for image fusion and translation.

Figure 22 shows that in areas without streetlight illumination, pedestrians are present,
and road cracks are visible. The proposed method accurately captures the contours of
pedestrians as well as the road conditions, potentially providing significant support in
driving scenarios.

Figure 23 demonstrates that, in the left section of the image, the proposed method
most effectively captures the surroundings of the road in areas lacking illumination.
In nighttime driving scenarios, object identification is important, and the resulting im-
age from the proposed method clearly delineates the details of obscured trees and their
surrounding environment.

Finally, Table 5 compares the scores of the result images using image quality metrics.
The proposed method received the highest BRISQUE and PIQE scores, which evaluate
image distortion and naturalness, and ranked second in terms of brightness and contrast
metrics such as CEIQ and MCMA, demonstrating significant image improvement. Ad-
ditionally, the proposed method exhibited excellent performance in terms of sharpness
metrics, confirming the ability to enhance object location and contours.
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(d)

Figure 19. Comparison of the visible-light and IR fusion images: (a) visible image, (b) LWIR image,
(c) Laplacian—Gaussian entropy, (d) latent low rank, (e) Densefuse, (f) Swin fusion, (g) Laplacian-PCA,
(h) contourlet-PCA, and (i) proposed method for image fusion and translation.
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Figure 20. Cont.
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Figure 20. Comparison of the visible-light and IR fusion images: (a) visible image, (b) LWIR image,
(c) Laplacian—Gaussian entropy, (d) latent low rank, (e) Densefuse, (f) Swin fusion, (g) Laplacian-PCA,
(h) contourlet-PCA, and (i) proposed method for image fusion and translation.
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Figure 21. Comparison of the visible-light and IR fusion images: (a) visible image, (b) LWIR image,
(c) Laplacian—Gaussian entropy, (d) latent low rank, (e) Densefuse, (f) Swin fusion, (g) Laplacian-PCA,
(h) contourlet-PCA, and (i) proposed method for image fusion and translation.
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Figure 22. Comparison of the visible-light and IR fusion images: (a) visible image, (b) LWIR image,
(c) Laplacian—Gaussian entropy, (d) latent low rank, (e) Densefuse, (f) Swin fusion, (g) Laplacian-PCA,
(h) contourlet-PCA, and (i) proposed method for image fusion and translation.

To validate the statistical significance of performance differences among the eight
fusion methods, ANOVA and Tukey’s HSD tests were conducted using six image qual-
ity metrics: BRISQUE, PIQE, CEIQ, MCMA, LPC-SI, and S3. In all cases, the ANOVA
p-values were well below 0.05 (e.g., BRISQUE: 1.83 x 1072%2), indicating statistically
significant differences.

The proposed method consistently demonstrated superior performance across most
metrics. Tukey’s HSD test results revealed that it achieved the lowest BRISQUE and PIQE
scores, with non-overlapping confidence intervals confirming statistical significance over
methods such as Densefuse, SWIN fusion, and Laplacian-based approaches. For contrast-
related metrics (CEIQ and MCMA), it performed comparably to contourlet-based methods
while significantly outperforming other baselines. In sharpness evaluation, the proposed
method ranked first in LPC-SI and second in S3, demonstrating strong preservation of both
spatial and spectral details. These results, validated through ANOVA and Tukey’s HSD,
confirm that the proposed approach provides statistically robust improvements in image
quality compared to existing techniques. Turkey’s HSD graph is shown in Figure 24.
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Figure 23. Comparison of the visible-light and IR fusion images: (a) visible image, (b) LWIR image,

(c) Laplacian-Gaussian entropy, (d) latent low rank, (e) Densefuse, (f) Swin fusion (g) Laplacian-PCA,
(h) contourlet-PCA, and (i) proposed method for image fusion and translation.

Table 5. Results comparing evaluation metrics for IR fusion and translation. (J: Lower values are
better, 1: Higher values are better).

BRISQUE| PIQE, CEIQt MCMA+t LPC-SIt  S31

Laplacian-Gaussian entropy 43.106 58.443 2.813 0.467 0.769 0.042
Latent low rank 41.296 59.510 2.927 0.501 0.801 0.046
Densefuse 43.148 54.408 2,997 0.483 0.757 0.033

SWIN fusion 36.076 48.083 3.109 0.561 0.844 0.056
Laplacian-PCA 36.545 55.241 3.257 0.593 0.876 0.084
Contourlet-PCA 30.563 31.761 3.380 0.676 0.906 0.140
Contourlet-DCT 31.001 22.868 3.293 0.728 0.949 0.275

Contourlet-DCT with an ND modules 30.426 22.186 3.209 0.693 0.961 0.214
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Tukey HSD Test for MCMA Scores
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Figure 24. Tukey’s HSD graphs for six image quality metrics: if the solid lines (representing the 95%
Confidence Intervals (CI)) do not overlap, it indicates that the differences are statistically significant.
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To further evaluate the effectiveness of the proposed method under diverse night-
time conditions, a comparative analysis was conducted, with a particular focus on foggy
environments. As illustrated in Figures 25 and 26, the evaluation was performed using
the publicly available M3FD dataset [38], rather than images captured with the proposed
camera system. To ensure a fair comparison, no additional preprocessing was applied
to the LWIR images, and the original conditions of the M3FD dataset were preserved.
Methods incorporating the contourlet transform generally exhibited superior infrared (IR)
representation, enabling more accurate recovery of fine details obscured by fog compared
to other techniques. Notably, the proposed method surpassed the contourlet-PCA approach
by more effectively suppressing noise in sky regions while retaining essential details in

fog-covered areas that are critical for object identification.

(@ | (b) | ©

(d) | (e) 0

® (h) )

Figure 25. Comparison of fused visible and infrared images under hazy conditions: (a) visible image,
(b) LWIR image, (c) Laplacian-Gaussian entropy, (d) latent low rank, (e) Densefuse, (f) Swin fusion
(g) Laplacian-PCA, (h) contourlet-PCA, and (i) proposed method for image fusion and translation.
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Figure 26. Comparison of fused visible and infrared images under hazy conditions: (a) visible image,
(b) LWIR image, (c) Laplacian-Gaussian entropy, (d) latent low rank, (e) Densefuse, (f) Swin fusion
(g) Laplacian-PCA, (h) contourlet-PCA, and (i) proposed method for image fusion and translation.

4. Discussion

This study proposes an image processing technique that effectively enhances low-light
regions in nighttime images, thereby improving object recognition and detection perfor-
mance. The proposed method combines multi-band image fusion with deep learning-based
image translation to enhance contrast, restore color, and recover fine details simultaneously,
achieving superior image quality compared to conventional fusion methods.

In particular, quantitative evaluations using image quality metrics (BRISQUE, PIQE,
CEIQ, MCMA, LPC-S], S3), along with ANOVA-based statistical analysis, confirm that the
proposed method minimizes distortion and maximizes sharpness across most indicators.
These improvements are statistically significant, underscoring the effectiveness of the
proposed approach.

Conventional CNN-based fusion methods, such as DenseFuse and Swin fusion pri-
marily rely on low-level brightness information or single-scale features, which limits their
ability to handle the detailed IR information, complex contrast variations, and lighting
saturation commonly encountered in nighttime scenes. In contrast, the proposed method
effectively separates directional and multi-resolution features via the contourlet transform



Mathematics 2025, 13, 1418

33 of 35

and selectively retains high-frequency information using DCT-based fusion. DCT also
offers lower computational complexity than PCA and better preserves local details through
block-based processing. Additionally, in the image translation stage, a sigma-scale-based
SSR training module enhances visibility in foggy or light-scattering regions more reliably
than using CycleGAN alone.

Despite the strong performance of the proposed method, some limitations remain.
SSR, used during CycleGAN training for detail enhancement, may cause halo artifacts in
high-contrast areas. To address this, future work will consider halo-suppression strategies
such as the contrast/residual decomposition approach. Additionally, applying low-light
enhancement as a preprocessing step before fusion will be explored to improve image
quality in extremely dark or unevenly illuminated conditions.

Practically, the proposed method demonstrates strong potential for applications such
as driver assistance systems, CCTV surveillance, and intelligent traffic monitoring. How-
ever, combining image processing with deep learning increases overall processing time,
which poses challenges for real-time deployment. To overcome this, future work will
explore optimized parallel architectures and lightweight implementations using FPGA or
Al SoC platforms.

Moreover, while this study focused on low-light nighttime conditions, image degra-
dation may still occur in more complex weather scenarios such as rain or snow. Future
research will aim to incorporate robust restoration modules tailored for adverse weather,
such as raindrop removal or diffusion-based image translation, along with sensor upgrades
that support stable multi-band imaging under such conditions.

5. Conclusions

This study presents a method for improving object recognition in low-light environ-
ments through image enhancement techniques, demonstrating potential applications in
autonomous driving support systems and CCTV surveillance. Under low-light conditions,
IR imaging is used to enhance images, and a new camera setup method is proposed to
optimize IR wavelength capture. The resulting IR images are fused with visible-light
images using a multi-band fusion technique based on contourlet transform and DCT fusion.
Additionally, iCAMO06-based tone mapping is employed to further enhance the quality of
the fused images, and the integration of night-to-day image translation modules improves
image brightness, reduces noise, and enhances details.

Image quality metrics using six image quality metrics (BRISQUE, PIQE, CEIQ, MCMA,
LPC-S], and S3) showed that the proposed method outperforms conventional methods by
statistically significant margins. For example, the proposed method achieved the lowest
BRISQUE and PIQE scores (30.426, 22.186) and the highest sharpness in LPC-SI metrics
(0.961), as confirmed by ANOVA and Tukey’s HSD tests. These results confirm that the
improvements are not only visual but also statistically robust.

Despite these advantages, the method currently requires high computational resources
due to the combination of image processing and deep learning modules, limiting its
suitability for real-time applications. Future work will focus on optimizing the framework
using FPGA or Al SoC platforms for real-time deployment. In addition, further research
will extend the robustness of the method to more challenging environmental conditions
such as heavy rain, fog, or snow through the integration of specialized modules and sensor
design enhancements.
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