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Abstract

Performing white-balance (WB) correction for scenes with multiple illuminants remains
a challenging task in computer vision. Most previous methods estimate per-pixel scene
illumination directly in the RAW sensor image space. Recent work explored an alter-
native fusion strategy, where a neural network fuses multiple white-balanced versions of
the input image processed to SRGB using pre-defined white-balance settings. Inspired by
this line of work, we present two contributions targeting fusion-based multi-illuminant
WB correction. First, we introduce a large-scale multi-illumination dataset rendered from
RAW images to support training fusion models and evaluation. The dataset comprises
over 16,000 sSRGB images with ground truth SRGB white-balance corrected images. Next,
we introduce an attention-based architecture to fuse five white-balance settings. This ar-

chitecture yields an improvement of up to 25% over prior work.
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Chapter 1

Introduction

This chapter motivates the need for white-balance and discusses the limitations of cur-
rent white-balance algorithms when a scene is illuminated by multiple light sources. The

contributions of this thesis to addressing multi-illumination white-balance are described.

1.1 Motivation and problem

Proper white-balance is crucial for accurate color rendition in digital images. White-
balance refers to removing color casts or tints caused by the environment’s illumination
from images so that objects that visually appear as white in the scene to a human observer
are rendered as white in the image. Achieving high-quality white-balance is essential
for many image-processing applications across various domains, including photography,
computer vision, medical imaging, and remote sensing.

The need for white-balance arises because different light sources (e.g., daylight, incan-

descent, and fluorescent) emit light with varying spectral power distributions. For instance,



Figure 1.1: Motivation behind using multiple models for white-balance. For a scene with
multiple illuminations. (Left) When the AWB algorithm uses outdoor illumination as a
reference, it produces an orangeish output. (Mid) When the AWB algorithm uses indoor
illumination as a reference, it produces a blueish output. (Right) Using a mix-illumination
correction produces best results.

daylight creates a bluish cast in images, while incandescent bulbs produce a warmer, red-
dish color cast. The human visual system has an impressive ability to automatically com-
pensate for such color shifts through chromatic adaptation, allowing us to perceive white
objects as truly white under most illumination conditions [20]. However, digital imag-
ing sensors lack this chromatic adaptation capability and thus require the application of
white-balance adjustment to all images to produce accurate colors.

By addressing the color cast introduced by various light sources, from the warm glow
of incandescent bulbs to the cool shade of natural daylight, white-balance correction tech-
niques strive to neutralize these effects. This ensures that the resultant images convey a
sense of realism and depth and maintain consistency in color representation, regardless of
the lighting conditions under which they were captured.

Proper white-balance is not only necessary for producing visually appealing images,

it is also indispensable for downstream computer vision tasks [6] that assume input im-



Figure 1.2: Results by A et al. and our proposed method. (A) Examples from our
sRGB dataset rendered from RAW images captured by Kim et al. [36]. The dataset pro-
vides the ve preset white-balance sRGB outputs from the camera and ground truth sSRGB
image. (B) The dataset allows the training and testing of fusion-based methods for multi-
illuminant white-balance correction. Shown are results by A et al. [8] and our proposed
method using attention-based fusion.

ages are standardized regarding their response to scene illumination. As computer vision
systems rely heavily on accurate color information to analyze and understand images, any
discrepancy in color representation can lead to errors in object recognition, scene under-
standing, and other automated processes. Therefore, by ensuring that the colors in an
image are adjusted to re ect those seen by the human eye—making white areas appear
truly white and accurately representing all other colors—white-balance correction is a
foundational step in pre-processing images for computer vision applications.

Existing white-balance techniques can be broadly categorized into two main approaches:



computational color constancy algorithms and user-guided methods. Computational color
constancy algorithms attempt to automatically estimate the scene's illuminant color and
then apply the correct to the image based on this estimation. These algorithms typi-
cally exploit various statistical properties of images, such as exploiting the assumption
that the average scene color should be achromatic (gray world assumption) or that the
maximum RGB values in the image correspond to the illuminant color (max-RGB as-
sumption). While computational methods are fully automatic, their performance can be
limited in challenging scenarios with complex illumination conditions or violations of the
underlying assumptions.

In contrast, user-guided white-balance methods rely on manual input or interaction
from the user to specify reference white points or regions within the image. These methods
leverage the user's visual perception and scene understanding to guide the white-balance
process, often resulting in more accurate and reliable results than fully automatic tech-
niques. However, user interaction can be time-consuming and not feasible or practical in
certain applications requiring real-time or high-throughput processing.

A major assumption made by auto white-balance (AWB) methods is that the scene is
illuminated by a single dominant light source. These methods, however, falter in the face
of multi-illuminant environments, where varying light sources coexist, leading to color
inaccuracies and casting challenges. As a result, conventional white-balancing techniques
that offer satisfactory results in uniformly lit environments often fail to accurately correct
images lit by multiple illuminants. Scenes with multiple light sources are commonplace in
both outdoor and indoor settings, ranging from landscapes at twilight, where natural and

arti cial lights intermingle, to indoor spaces illuminated by a combination of daylight and



various arti cial light sources.

As previously mentioned, standard AWB techniques (e.g., [15, 27, 55, 32, 10]) assume
that a scene is illuminated by a single light source. AWB methods operate directly on the
RAW sensor image to rst estimate the color cast in the image in the form of a sensor-
speci c R, G, B vector. The illumination's color cast is removed by scaling each color
channel of the RAW image such that the estimated illumination values become achromatic
or “white” (i.e., R=G=B). The white-balanced RAW image is rendered through the cam-
era's image signal processor (ISP) to render the nal output image in a standard RGB
(sRGB) color space.

Fig. 1.1 demonstrates the impact of applying conventional white-balance correction
with its single illumination assumption to a scene with multiple light sources. The indoor
scene has mixed illumination from indoor and outdoor lighting (via a window) often. If
we correct the outdoor illumination, the indoor portion of the scene retains a reddish color
cast. If we correct the indoor illumination, the outdoor portion of the scene retains a
bluish color cast. The nal image shows the result of performing multi-illuminant AWB
to correct both illuminations.

There has been prior work that has examined ways to correct such multiple illumi-
nations (e.g., [51, 57, 56]). These methods typically follow a two-step procedure that
rst tries to estimate the multiple illuminations in the scene, followed by spatially varying
white-balance correction in the RAW sensor image based on the estimations. The need
for both estimation and correction makes this a challenging problem. Another bottleneck
for multi-illuminant methods is the dif culty in preparing per-pixel annotated RAW image

datasets for training and testing.



Recent work by A et al. [8] introduced a novel approach for multi-illuminant WB
correction that avoided the need for explicit illumination estimation. Speci cally, the
method in A etal. [8] exploited the availability of the camera’s prede ned white-balance
values for common scene illuminations (i.e., the settings useddmnual WB modmstead
of AWB). The R,G,B sensor response to several common scene illuminations can be ob-
tained directly through camera API calls or image metadata. This corrected an input image
using a xed selection of WB settings, nametyngstenshade anddaylight These three
images were then rendered to SRGB. A deep neural network was trained to predict per-
pixel weights to blend the three post-WB images to produce a rendered sRGB output.
These prede ned illuminants de ne a solution-space gamut within which the blending is

performed.

1.2 Thesis contribution

In this thesis, we revisit the fusion-based approach for multi-illumination WB correction
with two contributions. First, we introduce a new multi-illuminant white-balance dataset in
the sSRGB domain. This dataset is constructed by repurposing the RAW multi-illuminant
dataset by Kim et al. [36]. The dataset consists of 2714 scenes rendered to ve white-
balanced sRGB images and a corresponding ground truth white-balanced sRGB image.
This dataset facilitates our blending-based fusion method's training, evaluation, and com-
parison. Fig. 1.2-(A) shows examples of the rendered sRGB images and our ground truth
images. Based on this new dataset, we revisit the blending map estimation process by

casting it as an attention-based architecture. We develop an innovative solution capable



of adeptly managing the complexities of multiple light sources in an image. This work
introduces a novel approach that leverages deep learning techniques by critically analyz-
ing the limitations inherent in conventional AWB methods, designed predominantly for
single-illuminant scenarios. We show that the attention-based method produces signif-
icantly better results than that of A et al. [8]. An example is shown in as shown in

Fig. 1.2-(B).

1.3 Summary

This thesis tackles the challenge of achieving accurate white-balance in scenes with mul-
tiple light sources. Building on previous methods, we introduce a new approach that uses
an attention-based fusion strategy to combine multiple white-balance settings effectively.
We also present a large dataset of images with different lighting conditions and use ad-
vanced neural networks to improve color correction accuracy. The following chapters

cover the related work, explain our method, show detailed experimental results, and dis-
cuss the broader impact and future possibilities of this research. Our goal is to signi cantly

improve white-balance correction in complex lighting environments.



Chapter 2

Related Work

Related work is described in ve areas: (i) conventional WB correction, (ii) multi-illuminant
WB correction, (iii) methods focused on WB manipulation for processed sRGB images,

(iv) white-balance datasets, and (v) self-attention in low-level vision.

2.1 Conventional white-balance correction

Traditional white-balance correction technigues attempt to estimate the sensor's response
to illumination from a single RAW input image. These methods can be divided into three

categories: statistics-based, physics-based, and deep-learning.

2.1.1 Statistical methods

Early statistical methods (e.g., [15, 39, 22, 52, 16, 16, 28, 17, 21, 47]) computed simple

RAW image statistics as features for illumination estimation prediction. Finlayson et al.



[24] introduced color-by-correlation, a method for estimating scene illuminant color in
digital imaging systems, signi cantly outperforming previous color constancy approaches
through the use of correlation matrices and Bayesian statistics. Brainard et al. [14] in-
troduced a Bayesian approach to color constancy, offering the novel maximum local mass
estimator for superior illumination estimation accuracy. Gehler et al. [26] revisit Bayesian
color constancy, contrasting with Brainard et al. [14] by employing a new, high-quality
dataset of 568 images to re ne illuminant and re ectance priors, signi cantly enhancing
outdoor image illumination estimation over previous methods and grey-world algorithms.
Sapiro et al. [48] presents a method for color and illuminant estimation in images by
focusing on a voting mechanism that integrates multiple cues for more robust illuminant
estimation. Vazquez et al. [54, 55] propose a new perceptual angular error measure for
evaluating color constancy algorithms, emphasizing human preference for “naturalness”
over mathematical accuracy, tested on a unique dataset with a calibrated camera and neu-

tral grey sphere.

2.1.2 Physics-based methods

Physics-based methods operate under a physical image formation model, such as Shafer's
dichromatic illumination model [49]. Funt et al. [25] developed a method to achieve color
constancy by exploiting mutual re ection between surfaces, demonstrating that accurate
surface spectral re ectance and ambient illumination can be recovered from color imaging
data. Their approach, based on nite-dimensional linear models for illumination and sur-
face re ectance, suggests that with suf cient sensor classes, it is possible to disentangle

illumination and re ectance from the observed color signals. This method advances the



understanding of color perception under varied lighting conditions and has potential ap-
plications in improving computer vision systems, particularly in tasks requiring accurate
color information independent of lighting. Klinker et al. [37] developed a comprehensive
approach to color image understanding by integrating the Dichromatic Re ection Model
[49] for analyzing color variations due to highlights and shading, enabling more accu-
rate color image segmentation and interpretation by leveraging physical properties of light

re ection.

2.1.3 Deep learning methods

Deep learning methods (e.g., [12, 30, 45, 46, 50, 61]) have now become the state of the art
for illumination estimation. Because illumination estimation is performed on the sensor-
speci ¢ RAW image format, these methods require large annotated data sets of images
for each sensor. A et al. [5] propose an innovative interactive white-balance correction
method in camera-rendered images, enhancing user control by directly manipulating color
cast vectors for more precise and ef cient WB adjustments. Lo et al. [44] introduce
a contrastive learning framework for color constancy (named CLCC), which improves
accuracy and robustness through novel RAW-domain color augmentations and contrastive
pair formulation [64].

The proposed method in this thesis aligns with this contemporary trajectory by harness-
ing the power of deep learning for white-balance correction in multi-illuminant scenarios.
It builds upon the foundational principles of previous works while introducing a novel
attention-based fusion strategy. This strategy enables the model to dynamically integrate

information from multiple pre-de ned white-balance settings, thereby enhancing its abil-
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ity to handle complex illumination conditions without the need for explicit illumination
estimation.

One limitation of traditional methods is their reliance on the assumption of a single
dominant light source in the scene. When faced with scenes containing multiple light
sources, such as indoor environments with arti cial and natural lighting, traditional meth-
ods may fail to achieve accurate color reproduction.

In comparison to prior work, our method demonstrates a signi cant improvement in
handling the intricacies of scenes with multiple illuminants. By leveraging an attention-
based architecture, it surpasses traditional per-pixel illumination estimation techniques,
which often struggle with the spatial variability of complex lighting environments. Our ap-
proach effectively mitigates these challenges, offering a more nuanced and precise white-
balance correction that is essential for both visual delity and downstream computer vision

tasks.

2.2 Multiple-illuminant methods

Various techniques have been speci cally designed for multiple-illuminant white-balance
correction to address the limitations of single-illuminant white-balance methods. Prior
methods often relied on pixel-wise illumination estimation strategies [23, 29, 11]. Hsu et
al. [31] developed a white-balance technique for images with mixed lighting, introducing
a method to estimate light mixture per pixel and achieving enhanced white-balance and
post-exposure relighting effects. Many of these methods require prior knowledge of the

number of different lights present in the scene, which can be a limitation in real-world
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scenarios.

Joze et al. [35] introduced a novel exemplar-based approach to color constancy, ad-
dressing the challenge of accurately estimating the illuminant color in images under varied
lighting conditions. Their method, distinct from traditional techniques, utilizes texture fea-
tures alongside weakly color constant values to identify and compare surfaces within an
image to a pre-learned dataset, enabling more precise illuminant estimation. This approach
outperforms existing algorithms across standard datasets and offers a robust solution to the
often problematic scenario of images lit by multiple light sources, demonstrating its effec-
tiveness through extensive evaluation and inter-dataset validation. Hussain et al. [33]
proposed a color constancy algorithm for mixed-illuminant scenes that divides an image
into segments, assesses color variability with Normalized Average Absolute Difference (a
metric used to quantify the color variability within segments of an image), and combines
segment-based weighting factors adjusted by pixel distances from segment centers.

Another hurdle for these methods is generating ground truth images for training and
evaluation. Several works have captured datasets of real scenes with spatial illumination
labels. For example, work by Bleier et al. [13] sprayed entire scenes with achromatic
paint to provide per-pixel illumination labels but did so for only a handful of examples.
Aghaei and Funt [9] placed a gray ball on a drone and ew it in a static scene, capturing
approximately 100 spatial samples of the environment's illumination. Work by Kim et
al. [36] prepared a large multi-illumination dataset by capturing several images of the same
scene with a xed camera with different light sources turned on or off. This last dataset
represents the most comprehensive dataset for multi-illuminant research. We process this

dataset further to be suitable for post-WB fusion methods targeted in this work.
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In contrast to these traditional approaches, the proposed method in this thesis intro-
duces a novel paradigm by leveraging an attention-based fusion strategy to address multi-
illuminant white-balance correction. Rather than relying on explicit illumination estima-
tion or requiring prior knowledge of the number of illuminants, our approach dynamically

integrates multiple pre-de ned white-balance settings through a neural network.

2.3 White-balance manipulation in SRGB images

The camera's ISP hardware applies white-balance as an early processing step. Several
nonlinear processing steps are applied afterward to render the nal sSRGB image. This
makes post-capture WB correction challenging. Recent work has investigated ways to per-
form white-balance manipulation to SRGB images [5]. A et al. 2019 (a) [6] introduced

a novel data-driven approach to correct improperly white-balanced images, leveraging a
large dataset of over 65,000 image pairs to train a model that effectively reconstructs ac-
curate color representation in images affected by incorrect white-balance settings. A et
al. 2019 (b) [7] introduced an imaging framework that allows accurate post-capture white-
balance editing in SRGB images by rendering tiny versions of the original image with
different white-balance settings to create color mapping functions, enabling adjustments
to any color temperature with minimal data overhead. A notable advancement in this do-
main is the introduction of deep neural networks (DNNSs) for correcting and editing the
white-balance settings of camera-rendered sRGB images [4]. These methods have shown
promising results in improving color accuracy, but they typically rely on post-capture cor-

rection techniques or user interaction, adding complexity and additional steps to the image

13



processing work ow.

As discussed in Sec. 1, A et al. [8] proposed to address the multi-illuminant white-
balance problem as a fusion problem in the SRGB domain. In particular, they pose the
multi-illuminant white-balance problem by obtaining a correct weighting of three xed
illuminations. We show how to improve this approach by examining the selection of dif-
ferent prede ned WB settings on the fusion algorithm.

While RAW-based methods offer detailed control over image adjustments, sSRGB-
based white-balance correction provides practical advantages in terms of work ow in-
tegration, computational ef ciency, and leveraging existing image enhancements. The
proposed method in this thesis, by operating in the SRGB domain, harnesses these bene ts

to deliver a robust and ef cient solution for multi-illuminant white-balance correction.

2.4 White-balance datasets

The development and evaluation of white-balance correction algorithms necessitate ro-
bust datasets that encompass a wide variety of illumination conditions and scenes. These
datasets are pivotal for training models, benchmarking their performance, and ensuring
their generalizability across diverse real-world scenarios. Historically, white-balance datasets
have evolved from containing single illuminant scenes to more complex multi-illuminant
environments, re ecting the increasing sophistication and requirements of contemporary
computational photography and computer vision applications. This section provides an
overview of the key datasets utilized in the eld, highlighting their unique contributions

and limitations in supporting the advancement of white-balance correction methodologies.
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By examining these datasets, we can better understand the challenges and opportunities

they present for developing more accurate and ef cient white-balance algorithms.

2.4.1 Single-illuminant datasets

Gehler DatasetThe Gehler dataset Fig. 2.1, introduced by Gehler et al. [26], is a seminal
dataset for evaluating color constancy algorithms. It consists of 568 high-quality linear
images captured by two cameras (Canon 1D and Canon 5D) under diverse illumination
conditions, including daylight, tungsten, and uorescent lighting. The dataset provides
ground truth illumination estimates, enabling quantitative evaluation of color constancy
and white-balance algorithms. The images in the Gehler Dataset exhibit variations in
orientation and size, as they were captured by two different camera models.

NUS DatasetThe NUS dataset [17] provides an even larger collection of images Fig. 2.2
for benchmarking color constancy and white-balance algorithms. This dataset contains
1736 raw images, divided into eight subsets of approximately 210 images each, corre-
sponding to different camera models. While the total number of images in the NUS dataset
is larger than the Gehler dataset, it is important to note that each independent experiment
or evaluation on the NUS dataset typically involves only about one-third of the number
of images present in the reprocessed Gehler dataset. This is due to the division of images
into distinct subsets based on camera models.

Rendered WB DatasefThe Rendered WB dataset [6] is a large-scale dataset speci cally
designed for training and evaluating deep learning-based white-balance correction meth-
ods. This dataset addresses a critical need in the eld by providing a diverse collection

of image pairs, where each incorrectly white-balanced image is accompanied by its cor-
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responding correctly white-balanced counterpart. The Rendered WB dataset consists of
approximately 65,000 sRGB image pairs, rendered by different camera models and with
varying white-balance settings. These images were captured by various DSLR and mobile
phone cameras, providing a comprehensive representation of real-world scenarios encoun-
tered in computational photography and image processing applications. A notable aspect
of this dataset is the inclusion of ground truth images rendered with accurate white-balance
correction. For each incorrectly white-balanced image, there is a corresponding ground
truth sSRGB image rendered with the correct white-balance setting, effectively serving as
the target for training and evaluation purposes. Furthermore, including images captured by
different camera models and sensors allows for exploring generalization capabilities and
developing robust white-balance correction techniques that can adapt to various imaging

pipelines and device characteristics.

2.4.2 Multi-illuminant datasets

Mixed WB Dataset This dataset [8] provides a controlled and challenging testbed specif-
ically designed to assess the performance of multi-illuminant white-balance methods. It
consists of 30 synthetic images Fig. 2.3 rendered with ve different illumination con-
ditions, allowing for a comprehensive analysis of our method's capabilities in handling
mixed-illumination scenarios. This dataset was carefully curated to provide a rigorous
and realistic testing environment for multi-illuminant white-balance methods. It was gen-
erated using 3D scenes modeled in Autodesk 3Ds Max, with multiple light sources of
varying color temperatures (e.g., 2850 K, 5500 K) added to each scene. The scenes were

rendered using Vray rendering [2] to produce realistic photographs, resulting in a total of
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150 images with mixed lighting conditions. For each rendered image, a corresponding
ground-truth image was also generated by setting the color temperature of the virtual cam-
era's white-balance and all light sources in the scene to 5500 K (daylight). This approach
ensures that the ground-truth images have correctly white-balanced pixels, providing a
reliable reference for evaluating the performance of multi-illuminant white-balance meth-
ods.

The dataset is the rstto include images rendered with different white-balance settings,
along with the corresponding ground-truth images rendered with correctly white-balanced
pixels in the rendering pipeline. This dataset addresses a crucial limitation of existing
multi-illuminant datasets, which often lack ground-truth references or fail to accurately
capture the complexities of mixed-illumination scenes.

LSMI Dataset The LSMI dataset [36] contains RAW images of scenes captured with
multiple cameras, where the illumination was carefully controlled. Speci cally, the LSMI
dataset was created by rst capturing a scene under a single illumination source and then
adding additional light sources step-by-step. This allowed for a per-pixel computation of
the contribution of each light source in the RAW image data. The LSMI dataset was pri-
marily intended for developing and evaluating RAW-based multi-illumination color con-
stancy algorithms.

Our proposed method directly leverages the strengths of multi-illuminant datasets like
the LSMI and Mixed WB datasets. By utilizing these datasets, we can train our attention-
based fusion model on a diverse array of scenes with varying illumination conditions. This
comprehensive training allows our model to effectively learn the complex interactions

between different light sources and apply accurate white-balance corrections in multi-
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illuminant environments. The integration of these datasets is critical to the success of our
approach, as it provides the necessary variety and complexity needed to generalize well
to real-world scenarios. Furthermore, the ground-truth images available in these datasets
offer a robust benchmark for evaluating the performance of our proposed method, ensur-
ing that it meets the high standards required for practical applications in computational

photography and computer vision.

2.5 Self-attention in low-level vision

Computer vision has witnessed remarkable progress in recent years, largely driven by
the success of deep learning models, particularly convolutional neural networks (CNNSs).
However, CNNs have an inherent limitation in capturing long-range dependencies due to
their localized receptive elds. Self-attention mechanisms have been introduced to address
this issue, allowing for modeling long-range interactions between different regions of an
image.

One of the pioneering works that incorporated self-attention into computer vision tasks
is the Non-Local Neural Networks [59]. This work introduced a non-local operation that
captures long-range dependencies by computing the response at a position as a weighted
sum of the responses from all positions. This approach improved performance on various
tasks, such as object detection, instance segmentation, and video classi cation.

Building upon the success of self-attention in natural language processing (NLP), the
Vision Transformer (ViT) [19] was proposed, which applies the transformer architecture

[53] directly to image data. ViT splits an image into patches and treats them as tokens, en-

18



abling the self-attention mechanism to capture global interactions between these patches.
Despite its simplicity, ViT achieved competitive or superior performance compared to
state-of-the-art CNNs on various computer vision benchmarks.

Subsequent works have explored various extensions and improvements to the ViT ar-
chitecture. For example, the Swin Transformer [43] introduces a hierarchical transformer
that combines self-attention with shifted windowing to capture both global and local de-
pendencies in an ef cient manner. The Pyramid Vision Transformer (PVT) [58] employs
a pyramidal structure to capture multi-scale features, while the Twins [18] model proposes
a spatially separating self-attention mechanism to improve computational ef ciency.

Previous works have successfully employed self-attention in various low-level vision
tasks. Forinstance, SwinIR [42] used self-attention mechanisms for image super-resolution,
demonstrating signi cant improvements in capturing ne details and texture information.
Similarly, Uformer [60] applied self-attention to image denoising, showing that it helps in
preserving important structures while removing noise. Moreover, Restormer [62] utilized
self-attention for image restoration, allowing the model to better understand the context of
the corrupted regions and generate more coherent results.

The self-attention has emerged as a powerful mechanism for capturing long-range
dependencies in computer vision tasks, enabling signi cant performance improvements
across various domains. As research continues, we can expect further advancements in
self-attention-based models, leading to more ef cient and interpretable computer vision

systems.
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2.6 Summary

In summary, the existing research on white-balance correction methods has evolved from
basic statistical approaches to sophisticated deep learning techniques. Conventional meth-
ods, while foundational, often fall short in multi-illuminant scenarios. Recent advances
leverage complex datasets and self-attention mechanisms to enhance accuracy and adapt-
ability. Our proposed method builds on these advancements by incorporating an attention-
based fusion approach, which dynamically integrates multiple white-balance settings. This
strategy addresses the limitations of earlier methods, offering a more robust solution for
scenes with diverse lighting conditions. Through comprehensive evaluation, we aim to
demonstrate the effectiveness of this innovative approach in improving color accuracy and

overall image quality in complex environments.
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