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Abstract

Critical details in both bright and dark regions are frequently lost in high dynamic range
(HDR) images when they are displayed on low dynamic range (LDR) devices. To miti-
gate this issue, tone mapping operators (TMOs) have been developed to convert HDR
images into LDR representations while maintaining perceptual quality. However, it is
challenging to effectively balance various key visual attributes, such as naturalness and
structural fidelity. To overcome this limitation, a two-stage Bayesian optimization ap-
proach was proposed in this work to enhance the perceptual quality of tone-mapped
images across multiple evaluation metrics. The first stage adaptively optimizes TMQI
parameters to capture image-specific perceptual characteristics, while the second stage
refines the tone mapping function to further improve detail preservation and visual realism.
Extensive experiments using three distinct HDR benchmark datasets were conducted, indi-
cating that the proposed method generally performs better than the existing tone mapping
techniques across most evaluated metrics, including TMQI, Naturalness, and Structural
Fidelity. Our adaptive approach offers a robust and effective solution for optimizing HDR
image conversion, resulting in a significantly improved perceptual quality compared to
traditional methods.

Keywords: tone mapping; HDR images; tone mapping quality indicator; optimization

1. Introduction

The rapid development of imaging technologies has reshaped our ability to capture
and reproduce visual scenes with unprecedented fidelity. Among these advancements,
high dynamic range (HDR) imaging has emerged as a pivotal technology for capturing
and representing the full range of luminance levels present in real-world scenes, thereby
exceeding the inherent limitations of traditional low dynamic range (LDR) systems [1]. The
capability to represent scenes with extreme contrast ratios not only introduces new op-
portunities for creative expression but also improves the precision of data interpretation
across a wide range of applications. HDR imaging has been adopted in various domains,
including cinematography, computer graphics, augmented and virtual reality, and scientific
visualization [2,3]. Accurately rendering both bright and dark regions is crucial for ensuring
both perceptual realism and analytical accuracy.

Despite the significant advancements in HDR imaging, a major practical limitation
persists: most consumer displays, web platforms, and image processing workflows are still
restricted to low dynamic range (LDR) output. As a result, the HDR content must be con-
verted to LDR-compatible formats before it can be displayed or processed. This conversion
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process, known as tone mapping, involves compressing the dynamic range while main-
taining key perceptual attributes, such as contrast, texture, and color fidelity [4]. However,
achieving this balance is a non-trivial task. The conventionally applied naive compression
methods often lead to visual artifacts, loss of critical scene details, or degradation of overall
image quality.

The tone mapping quality index (TMQI) is a widely adopted metric for evaluating
tone-mapped images, combining structural fidelity (S) that preserves fine details, and
naturalness (N), which reflects perceived realism [5].

TMQI =a-S* + (1 —a) - NP,

where

*  Sdenotes structural fidelity;

* N represents statistical naturalness;

* g balances structural fidelity, naturalness, and € [0, 1];
*  j adjusts the emphasis on naturalness;

*  « controls the sensitivity to structural similarity.

However, this formulation employs fixed parameters that may not be generalized
across diverse image types or application contexts, highlighting the need for adaptive and
content-aware evaluation methods.

Existing TMOs face several challenges. Many rely on globally fixed parameters that
cannot adapt to the diverse luminance distributions, textures, and semantic structures found
in real-world scenes. Consequently, they often produce inconsistent perceptual outcomes,
preserving structure in some cases but sacrificing naturalness or color fidelity in others.
Moreover, while TMQI provides a valuable quantitative framework, its static weighting
between structural fidelity and naturalness fails to account for scene-dependent perceptual
variations. These limitations motivate the development of an adaptive, perceptually guided
optimization approach.

To address the aforementioned issue, a novel global tone mapping approach that
integrates perceptual modeling within an adaptive two-stage optimization process was
introduced in this work. In the first stage, the TMQI parameters (4, «, and p) are dynamically
adjusted to align with the specific perceptual characteristics of the input HDR image. This
iterative refinement ensures that the metric accurately reflects the human visual perception
within the context of the given scene. In the second stage, the above-mentioned parameters
are maintained. In addition, the tone mapping function is optimized using the established
TMOQI configuration, with an emphasis on maximizing structural detail and enhancing
overall perceptual realism. Specifically, two key values were adjusted: the histogram
mixing weight (w;) and the luminance compression exponent (s) to improve the structural
fidelity that conveys important details and enhances naturalness in the final image. This
adaptive strategy facilitates the content-aware HDR-to-LDR conversion and demonstrates
robustness across a wide range of image types and scenes, mitigating limitations inherent
in traditional tone mapping approaches.

To assess the effectiveness of the proposed approach, comprehensive experiments
were carried out on two widely used HDR benchmark datasets, with results compared
against several established tone mapping operators. The evaluation incorporated multiple
perceptual quality measures, further supported by statistical analyses to confirm both the
consistency and the significance of the observed improvements.

The main contributions of this paper can be summarized as follows:
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¢ Weintroduce an adaptive two-stage Bayesian optimization approach for tone mapping,
which dynamically adjusts both TMQI parameters and tone—curve functions according
to image content.

*  The proposed approach integrates perceptual modeling to jointly optimize structural
fidelity and naturalness, addressing the limitations of fixed-parameter TMOs.

¢ A comprehensive experimental evaluation is conducted using multiple HDR datasets
and perceptual quality metrics, demonstrating statistically significant improvements
over conventional methods.

The remainder of this article is structured as follows: Section 2 reviews related work,
while Section 3 details the proposed methodology. The implementation aspects are outlined
in Section 4. Section 5 provides an in-depth analysis of the experimental results, and
Section 6 concludes the study with key findings and potential directions for future research.

2. Related Work

Tone mapping is a technique that is used to render HDR content on devices with
limited LDR capabilities. Its primary objective is to reduce the wide luminance range in
HDR images while preserving visual fidelity, structural integrity, and perceptual realism on
LDR displays. Several approaches utilize global tone mapping operators for their simplicity
and deterministic behavior. For instance, Reinhard et al. [6] introduced a tone mapping
method adapted from the zone system developed by Ansel Adams. This approach con-
sists of a global operator that first applies a linear scaling step to the image luminance,
and, if required, a local operator that automatically performs dodging-and-burning to
compress the dynamic range while preserving local detail. This approach offered intu-
itive controls, proved robust across scenes, and laid a perceptual foundation for many
subsequent tone mapping operators. Drago et al. [7] proposed an adaptive tone mapping
algorithm based on the principles of human visual perception. Logarithmic functions with
different bases were employed depending on the luminance range: base two is used to
enhance contrast and visibility in dark regions, while base ten is applied to the brightest
regions to achieve stronger contrast compression. For intermediate luminance values, a bias
function is used to enable artifact-free image reproduction. This approach demonstrated
that combining perceptual anchoring with logarithmic compression can lead to visually
satisfying results in a computationally efficient manner. Khan et al. [8] developed an adap-
tive tone technique (ATT). In particular, a global histogram-based method based on the
threshold-versus-intensity (TVI) curve was introduced, and just-noticeable difference (JND)
modeling was performed. By incorporating human visual system (HVS) sensitivity into
histogram construction, the algorithm allocated display levels to perceptually significant
regions while avoiding excessive contrast enhancement in dominant bins. This perceptually
driven binning approach reduced artifacts and preserved details across both bright and
dark areas. A tone mapping method was subsequently introduced that utilized a perceptual
quantizer to transform the real-world luminance values of HDR images into a perceptual
domain. The implementation of this transformation, which closely emulates the response
characteristics of the human visual system, yielded an enhancement in the contrast of
low-luminance regions while the intensities in excessively bright areas were compressed.
Subsequently, a luminance histogram is generated, from which a tone mapping curve can
be derived to improve visual quality by revealing detail in darker regions and mitigating
information loss in high-intensity zones [9]. In parallel, Quraishi et al. [10] proposed a
learning-based Application-Specific Tone Mapping Operator (ASTMO) aimed at improving
the OCR accuracy under diverse lighting conditions. This method is built on the ATT by
iteratively adjusting histogram bin locations using the OCR accuracy as the optimization
objective, thereby enhancing the text contrast in tone-mapped HDR images.
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While the global TMOs attain speed and robustness, they often lack the necessary
local adaptivity to maintain the fine spatial details. Cao et al. [11] addressed this issue
by developing a perceptually optimized and self-calibrated tone mapping operator (PS-
TMO) approach based on a two-stage deep learning framework for generating high-quality
LDR images. In the first stage, HDR images are decomposed into a normalized Laplacian
pyramid, and a convolutional neural network is used to estimate the corresponding LDR
pyramid. In the second stage, self-calibration on the HDR image is performed to adaptively
produce the final tone-mapped result. Mantiuk et al. [12] emphasized the importance of
display-adaptive tone mapping and proposed an optimization framework that minimizes
contrast distortions relative to display characteristics and ambient conditions. This method
combined a human visual system model with quadratic programming to dynamically adapt
tone curves across viewing scenarios, laying the groundwork for perceptual optimization
in display-aware pipelines.

Hybrid methods have also been developed to merge the strengths of global and local
operators. For instance, Zhang et al. [13] introduced a tone mapping that uses both global
and local operators, guided by the mean intensity of the HDR image. The local operator
emphasizes fine detail preservation, while the global operator ensures the overall visual
consistency. Then, the Curvelet transform fused the results to yield LDR images with
enhanced detail and natural visual quality. Furthermore, ref. [14] devised an adaptive
tone mapping algorithm implemented in an FPGA, where global and local operators are
combined through a histogram-based function. This separation of global illumination and
local detail is conducive to suppressing halos and reducing noise while enabling efficient
real-time processing. Cheng et al. [15] proposed the TWT algorithm, an enhancement of
the ATT method that integrates the weighted least squares (WLS) decomposition with
human visual system-based histogram adjustment. In this approach, the HDR image
is decomposed into base and detail layers. The former layer undergoes dynamic range
compression, while the latter is selectively enhanced, followed by a color balance correction
step to preserve natural colors. Both global brightness and local contrast are maintained
during these operations.

Deep learning has also emerged as a powerful tool in tone mapping. Ref. [16]
introduced a generative adversarial network-based tone mapping operator to eliminate
manual parameter tuning and generate high-quality LDR images, although at the cost of
higher computational complexity. In [17], a convolutional neural network was proposed
for HDR image fusion and tone mapping in the context of autonomous driving, which
demonstrated robustness against motion artifacts but was mainly tailored to traffic
scenes. In addition, ref. [18] presented a lightweight method based on convolutional
neural networks that converts HDR images into the standard dynamic range with
improved efficiency. This approach is suitable for real-time applications, though with
limited generalization outside its target scenarios.

In addition to these developments, several other learning-based approaches have been
developed to further enhance adaptability and perceptual quality. Rana et al. [19] proposed
DeepTMO, a parameter-free operator based on conditional generative adversarial networks
that produces high-resolution outputs and mitigates common artifacts such as saturation
and blurring through a multi-scale generator-discriminator design. Guo and Jiang [20]
extended this direction by introducing a semi-supervised CNN framework in which im-
age quality assessment metrics were embedded into the training objective, enabling the
operator to generate visually consistent results across diverse HDR scenes. In parallel,
Rana et al. [21] explored the role of tone mapping in computer vision tasks, presenting a
learning-based operator optimized for image matching under challenging illumination
conditions through a guidance model trained with support vector regression. More re-
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cently, Todorov et al. [22] proposed TGTM, a TinyML-based global operator designed for
HDR sensors in automotive contexts, achieving competitive visual performance while
significantly reducing computational cost by leveraging histogram-driven neural networks.
Although these methods highlight the versatility of data-driven solutions, they fall outside
the scope of our work, which focuses on traditional tone mapping operators.

Despite these advances, the existing approaches still suffer from detail loss, high
complexity, or limited interpretability. To overcome these issues, a two-stage optimization
approach that adapts both the evaluation metric and the tone mapping function was
proposed, yielding an interpretable, data-adaptive, and robust solution across diverse
HDR scenes.

3. Methodology

The proposed approach presents a perceptually guided two-stage Bayesian optimiza-
tion method for tone mapping, aimed at jointly refining both the perceptual evaluation
metric and the tone mapping parameters. The complete workflow is shown in Figure 1.
In the first stage, the algorithm adaptively adjusts the parameters of the TMQI to align
with image-specific perceptual characteristics. In the second stage, the tone-curve func-
tion is further optimized to improve visual fidelity while maintaining the achieved TMQI
performance. This integration of perceptual modeling and optimization forms the cen-
tral contribution of this work, delivering a content-adaptive and reliable HDR to LDR
conversion process.

Y

HDR image ATT algorithm

Y

- Stage 1:
7 * Optimize TMQI (maximize)
*Tune (a, B, a)

best TQMI

solution found?
No

LDR images Stage 2:
. :

* Optimize SF and N (maximize)
*Tune (wi, s)
* TMQI 2 Stage 1 score

best parameters <

Figure 1. High-level diagram of the proposed two-stage optimization strategy for perceptual tone
mapping. The ATT operator generates the initial LDR image, while TMQI provides perceptual
feedback that directly guides parameter optimization across both stages of the Bayesian process.

The detailed implementation of this two-stage optimization framework is illustrated
in Figure 1. As shown, the process begins with a global tone mapping step based on the
adaptive tone mapping technique (ATT) [8], which serves as the baseline global operator
in the proposed approach. ATT converts the input HDR image into an initial LDR image
by modeling the HVS adaptation to luminance. It estimates global scene statistics, such
as mean and maximum luminance, to determine the required degree of compression, and
incorporates local adaptation through JND modeling derived from the TVI function. A
perceptually guided histogram is then constructed in which each bin corresponds to a JND
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in luminance, ensuring finer quantization for perceptually significant regions. This his-
togram is transformed into a nonlinear tone curve that compresses the dynamic range while
preserving local detail and contrast. Two adaptive parameters, w; (global-local mixing
weight) and s (tone—curve exponent), jointly control the balance between global luminance
compression and local contrast preservation. Although the original ATT formulation in-
cludes a temporal adaptation mechanism for HDR video sequences, this component is
intentionally excluded in this work, as the proposed approach is designed for static HDR
images. Applying the resulting tone curve to the HDR image produces the initial LDR
representation, which is then used as input for the subsequent optimization stages.

In this approach, the ATT algorithm acts as the baseline tone mapping operator that
generates the initial LDR image, while the TMQI metric serves as the perceptual guide for
optimization. Rather than applying TMQI only for post-evaluation, it is integrated within
the optimization loop to iteratively refine the tone mapping parameters. In Stage 1, TMQI's
weighting parameters (4, «, and ) are optimized to align with image-specific perceptual
responses. In Stage 2, the ATT parameters (wy, s) are re-optimized using the calibrated
TMOQI configuration, ensuring that perceptual feedback directly drives the refinement of
tone mapping behavior. This integration enables a closed-loop optimization process that
jointly balances perceptual fidelity and naturalness.

As depicted in Figure 1, the first stage of the approach focuses on calibrating the
perceptual quality metric. TMQI is employed as the primary objective function, combining
structural fidelity and naturalness components. Although TMQI requires both HDR and
LDR inputs for evaluation, in this approach, the LDR image is generated internally during
the optimization process. Therefore, only the HDR image is provided as input, while
LDR candidates are iteratively produced and evaluated within each optimization stage.
In this stage, the TMQI parameters (2, &, and B) are optimized on a per-image basis
using Bayesian optimization [23]. These parameters govern the relative contributions of
structural fidelity and naturalness in TMQI computation. The optimization proceeds until
a predefined TMQI threshold is met, ensuring a minimum perceptual quality standard
while reducing unnecessary computation. A fixed TMQI threshold is used to establish a
consistent convergence baseline across diverse HDR images. This fixed target does not
assume identical perceptual characteristics for all content but ensures that Stage 1 reaches a
stable level of perceptual quality before Stage 2 adaptively refines tone mapping parameters
according to image-specific characteristics.

If the optimal TMQI score in Stage 1 satisfies the quality criterion, the process continues
to Stage 2. This stage aims to further refine the tone mapping curve by adjusting two core
parameters: the histogram mixing weight w; and the luminance compression exponent s.
These parameters influence how global luminance and local contrast are balanced in the
final tone-mapped image. The second stage is accepted only if it is maintained or improved
upon the TMQI score from Stage 1 while also enhancing the combined structural fidelity
and naturalness scores. The approach includes an optional early stopping parameter,
stage2eq,1yst0p, which halts Stage 2 once convergence is reached. It was disabled (False) in
all reported experiments to enable full optimization within the 150-iteration limit, though
it remains useful in extended or less constrained runs.

Upon completion of both stages, the approach generates the final LDR image, the
corresponding TMQI score, S, N, and the optimized parameter values. For reproducibility,
all optimized parameters are logged, and the best-performing configurations are retained
for future initialization.

By integrating perceptual adaptation with parameterized refinement of tone mapping,
the proposed approach ensures robust and content-aware rendering. The conditional
structure of the two-stage optimization allows the system to tailor the tone mapping strategy
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to the unique characteristics of each HDR image, promoting consistency in perceptual
quality across a wide range of scenes. Bayesian optimization, implemented with Optuna’s
tree-structured Parzen estimator (TPE) sampler, is employed to efficiently explore the
parameter space. In Stage 1, the TMQI weighting parameters (a, «, 8) are optimized for
each image. In Stage 2, the TMO parameters (wy,s) are tuned while preserving the TMQI
value determined in Stage 1. The term optimize in Algorithm 1 refers to the Bayesian
optimization process implemented using Optuna’s tree-structured Parzen estimator (TPE).
In Stage 1, the objective function maximizes TMQI by searching for the best combination of
(a, «, B), while in Stage 2, the goal is to maximize the combined perceptual score (S + N)
while maintaining or improving the TMQI score obtained in Stage 1. Early stopping is
applied when either the TMQI target or the S + N threshold is reached.
The two-stage optimization approach is summarized in Algorithm 1.

Algorithm 1 Two-stage Bayesian optimization procedure using the tree-structured Parzen
estimator (TPE) to iteratively refine TMQI and tone mapping parameters

Require: HDR image Iypg, initial parameters 6y = {a,«, B, wy,s}

Ensure: Optimized LDR image I pr, best parameters 0* = {a*, a*, B*, w},s*}
1: Compute luminance from Iypr and construct perceptual histogram using TVI model
2: Generate tone curve using JND binning and initial parameters wy, s
3: Apply tone mapping to obtain initial I} pr

: Stage 1: TMQI Parameter Optimization

: Fix tone curve (wy, s)

: Optimize TMQI(Iypg, I.pr) by tuning (4, «, B)
. if TMQI > threshold then

Store optimal (a*,a*, B*)

. else

10:  Use best result so far

11: end if

© ® N o U

12: Stage 2: Tone Mapping Refinement

13: Fix (a*,a*, B*)

14: Optimize (S + N) by tuning (wy, s) subject to:
15: TMQI(IHDR, ILDR) > TMQI from Stage 1
16: Store (w7, s*) if improved

17: Generate final tone curve using (w7, s*)
18: Apply tone mapping to obtain final I; pr
19: return I;pg, 0* = {a*,a*, B*, w},s*}

4. Implementation Details

Experiments were conducted on 238 HDR images from three benchmark datasets: the
Funt dataset [24,25], a publicly available dataset by Greg Ward [26], and the UltraFusion
benchmark proposed by Chen et al. [27]. All computations were performed on a desktop
system equipped with an Intel i7 processor (2.1 GHz) and 64 GB of RAM.

5. Results and Discussion

To evaluate the performance of the proposed two-stage tone mapping approach,
experiments on three benchmark HDR datasets were conducted: the Funt dataset
(105 images), the HDR collection from Greg Ward’s site (33 images), and the UltraFusion
benchmark (100 images). Four widely used tone mapping methods were implemented in
Python as baselines for comparison: ATT [8], a simplified Mantiuk operator [12], the global
photographic tone mapping operator of Reinhard [6], and a simplified Drago operator [7].

The evaluation employed both reference-based and no-reference image quality metrics
to ensure a comprehensive assessment of performance. Specifically, the analysis included
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TMQI, S, and N, together with two additional perceptual quality metrics, BRISQUE and
NIQE, which evaluate image naturalness and perceptual quality without requiring reference
HDR images. To enhance analytical robustness, each metric was reported using the mean,
median, standard deviation, and 95% confidence intervals (CI). Statistical significance was
assessed using the Friedman and Wilcoxon tests.

5.1. Performance on the Funt Dataset

This section presents the evaluation results on the Funt dataset, demonstrating the
effectiveness of the proposed approach compared with existing methods. As shown in
Table 1, the proposed two-stage method consistently achieves the highest performance
across all quantitative and perceptual metrics.

For TMQ, the proposed method achieved a mean score of 0.9101 + 0.0107 and a median
of 0.9274 + 0.0107, exceeding ATT (mean 0.8688 + 0.0137), Mantiuk (0.8058 + 0.0169), Rein-
hard (0.7369 + 0.0103), and Drago (0.6035 + 0.0245). The Friedman test, applied to ranked
metric values, confirmed statistically significant differences among all methods (x> = 361.92,
p = 4.68 x 10777), and the post-hoc Wilcoxon analysis indicated that the two-stage method
performed significantly better than each baseline (p < 0.05). The narrow confidence intervals
demonstrate high consistency and stability across the dataset.

For structural fidelity, the two-stage method achieved a mean of 0.8638 + 0.0140 and
a median of 0.8665 + 0.0140, marginally higher than ATT (mean 0.8618 + 0.0146, median
0.8670 + 0.0146). Although the difference between these two methods was modest, both
exhibited higher fidelity compared to Mantiuk (0.7993 + 0.0267), Reinhard (0.7417 + 0.0284),
and Drago (0.4289 + 0.0439). The Friedman test (x> = 259.57, p = 5.63 x 10~%°) indicated
statistically significant differences across all methods, supporting the consistency of the
structural fidelity improvements.

For the naturalness metric, the proposed method achieved a mean of 0.5098 + 0.0605
and a median of 0.5685 + 0.0605, exceeding ATT (mean 0.4343 + 0.0572, median
0.4504 + 0.0572), Mantiuk (0.2301 + 0.0506), Reinhard (0.0176 + 0.0072), and Drago
(0.0216 + 0.0125). The Friedman test (x> = 356.08, p = 8.52 x 10~7°) confirmed statis-
tically significant differences, demonstrating the perceptual robustness of the proposed
approach in generating natural-looking tone-mapped images.

The no-reference metrics BRISQUE and NIQE further supported the perceptual con-
sistency of the proposed approach. It achieved the lowest BRISQUE (mean 7.36 + 0.49,
median 7.58 + 0.49) and NIQE (mean 4.01 + 0.32, median 3.43 + 0.32) scores among all
compared methods, indicating minimal perceptual distortion and high image naturalness.
In contrast, ATT produced BRISQUE and NIQE means of 25.30 + 2.42 and 4.09 + 0.33,
respectively, while Drago exhibited the weakest perceptual quality (BRISQUE 55.92 + 5.67,
NIQE 6.78 + 0.72). Both BRISQUE (x? = 255.71, p = 3.83 x 10~%%) and NIQE (x? = 130.10,
p = 3.72 x 10~%) differences were statistically significant.

Overall, the proposed two-stage tone mapping method ranked first across all quanti-
tative and perceptual measures, with consistently high mean and median values, narrow
confidence intervals, and low variability. These results confirm the method’s robustness,
stability, and high perceptual fidelity in tone mapping HDR images from the Funt dataset.
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Table 1. Statistical performance results for the Funt dataset (105 images) across five tone mapping
methods. Values include mean, median, standard deviation (Std), and 95% confidence intervals (CI).
Lower values indicate better performance for BRISQUE and NIQE. Bold values indicate the best
performance among the methods.

Metric Measure Two-Stage ATT Drago Mantiuk Reinhard
Mean 0.9101 0.8688 0.6035 0.8058 0.7369
T™MQI Median 0.9274 0.8841 0.6184 0.7957 0.7464
Std 0.0552 0.0710 0.1267 0.0874 0.0530
95% CI +0.0107 +0.0137 +0.0245 +0.0169 +0.0103
Mean 0.8638 0.8618 0.4289 0.7993 0.7417
Structural Median 0.8665 0.8670 0.4272 0.8325 0.7546
Fidelity Std 0.0722 0.0755 0.2268 0.1380 0.1468
95% CI +0.0140 +0.0146 +0.0439 +0.0267 +0.0284
Mean 0.5098 0.4343 0.0216 0.2301 0.0176
Naturalness Median 0.5685 0.4504 0.0000 0.0988 0.0056
Std 0.3126 0.2956 0.0647 0.2613 0.0372
95% CI +0.0605 +0.0572 +0.0125 +0.0506 +0.0072
Mean 7.3551 25.3025 55.9216 27.5389 36.0330
BRISQUE Median 7.5760 23.8820 57.2629 27.1398 33.0637
Std 2.5481 12.5085 29.3048 11.4936 16.6543
95% CI +0.4931 +2.4207 +5.6712 +2.2243 +3.2230
Mean 4.0070 4.0877 6.7807 4.6825 4.3791
NIQE Median 3.4273 3.4679 5.6102 3.7025 41612
Std 1.6690 1.7018 3.7423 2.3005 1.2703
95% CI +0.3230 +0.3293 +0.7242 +0.4452 +0.2458

To complement the quantitative evaluations, visual comparisons were provided
to highlight perceptual differences among the five evaluated tone mapping methods.
Figures 2—4 present representative images from the first dataset, illustrating each method’s
ability to preserve detail, maintain contrast, reproduce color fidelity, and enhance overall
perceptual quality.

Figure 2 focuses on the TMQI results for a texture-rich terrain, linking perceptual ob-
servations with the quantitative scores shown below each image. The proposed two-stage
method attains the highest TMQI value and preserves surface texture with balanced bright-
ness and contrast. The ATT output is visually close but slightly flatter in shadow regions.
The Mantiuk result appears over-sharpened, while the Drago output is overexposed and
loses midtone detail. In contrast, the Reinhard method produces a darker rendering that
obscures fine features.

Figure 3 illustrates the structural-fidelity-based assessment of an open landscape.
The proposed method achieves a natural balance between sky luminance and foreground
texture. The ATT method preserves this balance reasonably well, whereas the Mantiuk
method significantly increases brightness, washing out the midtones. In contrast, the Drago
method overexposes large regions, while the Reinhard method yields a dull and overly
dark appearance.

Figure 4 evaluates perceptual naturalness using a forested scene with strong lumi-
nance gradients. The two-stage method successfully retains highlight and shadow details
while preserving texture. The ATT method achieves comparable luminance control but
with slightly muted contrast. The Drago method produces a washed-out result due to
overexposure, whereas the Reinhard method renders the scene overly dark. The Man-
tiuk method increases local contrast but introduces unnatural color shifts, particularly in
the vegetation.
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Two-stage Drago Reinhard
TMQI = 0.93847 TMQI = 0.89202 TMQI = 0.74605 TMQI = 0.49421 TMQI = 0.71059

Figure 2. TMQI-based comparison on the Funt dataset across five tone mapping methods.
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Figure 3. Structural fidelity-based comparison on the Funt dataset across five tone mapping methods.
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Figure 4. Naturalness-based comparison on the Funt dataset across five tone mapping methods.

5.2. Performance on the Greg Ward HDR Dataset

To further evaluate the robustness and generalizability of the proposed two-stage
tone mapping approach, additional experiments were conducted on the Greg Ward HDR
dataset, which includes 33 images covering a wide range of luminance levels and scene
content. The results, summarized in Table 2, are consistent with those obtained from the
Funt dataset and reinforce the effectiveness of the proposed optimization framework.

The two-stage approach achieved the highest overall performance across all five
objective metrics. For TMQ)], it achieved a mean score of 0.9331 and a median of 0.9457,
exceeding ATT (mean 0.9079, median 0.9350), Drago (0.8239, 0.8312), Mantiuk (0.7851,
0.7858), and Reinhard (0.7597, 0.7669). The relatively narrow 95% confidence interval
(£0.0167) and low standard deviation (0.047) indicate that the method delivers consistent
high-quality results. The Friedman test confirmed statistically significant differences among
all evaluated methods (x> = 109.31, p = 1.022 x 10~22), and the post-hoc Wilcoxon analysis
verified that the two-stage approach performed significantly better than ATT (p < 0.05).

In terms of structural fidelity, the two-stage approach achieved a mean of 0.8505 and a
median of 0.8670, slightly higher than ATT (0.8499 and 0.8677). Although the numerical
difference is small, the two-stage method exhibited greater stability, as reflected by its
lower variability (Std = 0.0748) and narrower confidence interval (+0.0265). The Friedman
test confirmed significant differences among the methods (x* = 33.33, p = 1.021 x 1079),
supporting the consistency of the structural fidelity improvements.

For the naturalness metric, the proposed approach achieved a mean of 0.7142 and
a median of 0.8589, exceeding ATT (0.6717, 0.8302), Drago (0.3705, 0.3806), Mantiuk
(0.1799, 0.0678), and Reinhard (0.0542, 0.0382). These results indicate improved perceptual
realism and tonal balance while effectively reducing unnatural contrast artifacts. The
Friedman test confirmed that these differences were statistically significant (x> = 100.29,
p = 8.529 x 10721).
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The no-reference perceptual quality metrics BRISQUE and NIQE further supported
the perceptual consistency of the proposed approach. It achieved the lowest BRISQUE
(mean 20.45, median 18.38) and NIQE (mean 3.71, median 3.73) scores among all methods,
indicating reduced visual distortion and enhanced naturalness. The Friedman tests for
BRISQUE (x> = 36.80, p = 1.981 x 1077) and NIQE (x> = 51.68, p = 1.605 x 10~1°)
confirmed that these differences were statistically significant.

Overall, the results on the Greg Ward dataset demonstrate that the proposed two-stage
tone mapping approach consistently achieves high objective and perceptual performance.
The combination of elevated TMQ)], stable Structural Fidelity, and favorable no-reference
scores (BRISQUE and NIQE) highlights its robustness, stability, and adaptability across
diverse HDR imaging conditions.

Table 2. Statistical performance results for the Greg Ward HDR dataset (33 images) across five tone
mapping methods. Values include mean, median, standard deviation (Std), and 95% confidence
intervals (CI). Lower values indicate better performance for BRISQUE and NIQE. Bold values indicate
the best performance among the methods.

Metric Measure Two-Stage ATT Drago Mantiuk  Reinhard

Mean 0.9331 0.9079 0.8239 0.7851 0.7597

TMOI Median 0.9457 0.9350 0.8312 0.7858 0.7669
Std 0.0470 0.0634 0.1003 0.0689 0.0446
95% CI +0.0167 +0.0225 +0.0356 +0.0244 +0.0158

Mean 0.8505 0.8499 0.7628 0.7599 0.7685

Structural Median 0.8670 0.8677 0.8007 0.8041 0.7929
Fidelity Std 0.0748 0.0771 0.1462 0.1283 0.1197
95% CI +0.0265 +0.0273 +0.0519 +0.0455 +0.0425

Mean 0.7142 0.6717 0.3705 0.1799 0.0542

Naturalness Median 0.8589 0.8302 0.3806 0.0678 0.0382
Std 0.2934 0.2972 0.2997 0.2055 0.0668
95% CI +0.1040 +0.1054 +0.1063 +0.0729 +0.0237

Mean 20.4456 20.8070 27.3883 24.4149 28.2521

BRISQUE Median 18.3825 18.6369 24.0256 21.0905 23.8581
Std 14.9931 14.8915 17.9727 15.7582 18.1919

95% CI +5.3163 +5.2803 +6.3728 +5.5876 +6.4506

Mean 3.7059 3.7166 4.3470 4.3274 4.4188

NIQE Median 3.7251 3.5157 4.5504 4.2880 4.2440
Std 1.0738 1.0822 1.3921 1.1659 1.4329

95% CI +0.3807 +0.3837 +0.4936 +0.4134 +0.5081

The visual comparisons of the second dataset are shown in Figures 5-7, providing
perceptual evidence alongside the quantitative scores displayed below each image. These
examples allow an independent assessment of how each tone mapping method preserves
structural detail, contrast, and overall visual realism.

Figure 5 illustrates a high-contrast indoor lighting scene. The proposed two-stage
approach achieves the highest TMQI value, preserving fine reflections on metallic surfaces
while maintaining color fidelity and balanced illumination. The ATT result is visually
comparable but slightly less consistent across bright highlights. Mantiuk introduces local
over-enhancement, whereas Drago and Reinhard either overexpose or darken extensive
regions, thereby reducing perceptual realism.

Figure 6 presents the structural fidelity assessment for a complex natural scene. The
two-stage method produces the most coherent textures across both shadows and illumi-
nated areas, corresponding to the highest S value. ATT performs similarly but loses minor
detail near the bright trunk. Mantiuk and Reinhard generate darker mid-tones, while
Drago exhibits severe highlight clipping.
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Finally, Figure 7 compares perceptual naturalness for an indoor scene. The proposed
method produces a well-balanced rendering with realistic brightness and contrast, reflected
in the highest naturalness score. ATT maintains perceptual balance with slight contrast
compression, whereas Mantiuk and Reinhard yield underexposed results, and Drago
produces excessive brightness that reduces depth perception.

e~

Two-stage Mantiuk Drago B Reinhard
TMQI = 0.93802 TMQI = 0.87868 TMOQI = 0.84264 TMQI = 0.80151 TMQI = 0.78701

Figure 5. TMQI-based comparison on HDR images from Greg Ward’s site across five tone map

ping methods.

Two-stage ATT Mantiuk Drago Reinhard
S =0. 89600 S=0.88224 S=0.86729 S =0.78732 S =0. 85437

Figure 6. TMQI-based comparison on HDR images from Greg Ward'’s site across five tone map
ping methods.

Two-stage Mantiuk Drago Reinhard
N=0.97421 N=0.92797 N=0.00049 N =0.47603 N=0.01744

Figure 7. N-based comparison on HDR images from Greg Ward’s site across five tone map
ping methods.

5.3. Performance on the UltraFusion Benchmark Dataset

To further assess scalability and cross-dataset generalization, the proposed two-stage
approach was evaluated on the UltraFusion benchmark, a large and diverse HDR dataset
encompassing substantial variations in lighting conditions, dynamic range, and scene
composition. The statistical results, summarized in Table 3, provide a comprehensive
comparison across the five tone mapping algorithms.

The proposed approach achieved the highest overall performance in TMQI, with
a mean of 0.9687 and a median of 0.9760, substantially surpassing ATT (0.9319, 0.9435),
Drago (0.8217, 0.8487), Mantiuk (0.6811, 0.6955), and Reinhard (0.7698, 0.7792). The narrow
confidence interval (+0.0046) and low standard deviation (0.0231) indicate exceptional
stability across the dataset. The Friedman test confirmed statistically significant differences
among the compared methods (x> = 357.59, p = 4.02 x 10~7%), and post-hoc analysis
identified the proposed approach as the top performer (p < 0.05).

For structural fidelity, the proposed method maintained strong performance, achieving
a mean of 0.9356 and a median of 0.9387, outperforming ATT (0.9023, 0.9112) and all re-
maining baselines. These results highlight its ability to preserve fine structural details while
avoiding over-enhancement artifacts. The Friedman test further confirmed statistically
significant differences among the five algorithms (x> = 300.71, p = 7.61 x 10%%).
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The naturalness metric further validates the perceptual advantage of the proposed
approach. It achieved a mean of 0.8404 and a median of 0.9090, exceeding ATT (0.7244,
0.8038) and substantially outperforming Drago (0.3409, 0.2976), Mantiuk (0.0004, 0.0001),
and Reinhard (0.0626, 0.0263). The extremely low variability (Std = 0.1915) and narrow
confidence interval (+0.0380) emphasize both perceptual realism and consistency. These
differences were statistically significant (x> = 340.38, p = 2.09 x 10~72).

In the no-reference evaluation, BRISQUE and NIQE results further corroborate the
perceptual strength of the proposed method. It achieved a low BRISQUE mean of 19.17 and
median of 18.38, second only to Reinhard’s unusually low values (mean 11.07, median 8.78),
which correspond to perceptually underexposed outputs. The Friedman test (x> = 66.30,
p = 1.37 x 10~13) confirmed significant variation across methods. For NIQE, the proposed
approach achieved the best results (mean 2.86, median 2.88), indicating high perceptual
naturalness and minimal structural distortion. The NIQE differences were also statistically
significant (x? = 208.26, p = 6.30 x 10~%4).

Overall, the UltraFusion benchmark results further substantiate the effectiveness of
the proposed two-stage tone mapping approach. The consistent top-ranked performance
across all full-reference and perceptual metrics demonstrates strong scalability, robustness,
and adaptability to diverse HDR imaging conditions. These findings confirm that the
proposed approach generalizes effectively across datasets, maintaining high perceptual
fidelity even under complex luminance variations.

Table 3. Statistical performance results for the UltraFusion benchmark dataset across five tone
mapping methods. Values include mean, median, standard deviation (Std), and 95% confidence
intervals (CI). Lower values indicate better performance for BRISQUE and NIQE. Bold values indicate
the best performance among the methods.

Metric Measure Two-Stage ATT Drago Mantiuk  Reinhard

Mean 0.9687 0.9319 0.8217 0.6811 0.7698

TMOI Median 0.9760 0.9435 0.8487 0.6955 0.7792
Std 0.0231 0.0431 0.1068 0.0645 0.0497
95% CI +0.0046 +0.0086 +0.0212 +0.0128 +0.0099

Mean 0.9356 0.9023 0.7820 0.6034 0.7991

Structural Median 0.9387 0.9112 0.8357 0.6279 0.8129
Fidelity Std 0.0307 0.0482 0.1695 0.1647 0.1192
95% CI +0.0061 +0.0096 +0.0336 +0.0327 +0.0236

Mean 0.8404 0.7244 0.3409 0.0004 0.0626

Naturalness Median 0.9090 0.8038 0.2976 0.0001 0.0263
Std 0.1915 0.2490 0.2884 0.0015 0.0960
95% CI +0.0380 +0.0494 +0.0572 +0.0003 +0.0190

Mean 19.1667 17.2910 19.9697 20.7830 11.0663

BRISQUE Median 18.3843 16.8283 14.8681 19.9074 8.7787
Std 9.6638 15.4986 23.7815 16.5519 12.6130
95% CI +1.9175 +3.0753 +4.7188 +3.2843 +2.5027

Mean 2.8616 3.3168 3.7641 4.3276 3.4411

NIQE Median 2.8819 3.2462 3.2486 4.1981 3.3970
Std 0.5206 0.7003 1.6407 1.0729 0.6949

95% CI +0.1033 +0.1390 +0.3256 +0.2129 +0.1379

5.4. Ablation Study

To evaluate the specific contribution of each stage in the proposed two-stage opti-
mization approach, an ablation study was conducted using the three HDR datasets. Five
objective quality metrics were employed to quantify the proportion of images that ex-
hibited improvement after applying the complete two-stage process. For each image, an
improvement was recorded when TMQ], S, or N increased in Stage 2 compared to Stage 1,
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or when BRISQUE and NIQE decreased. The resulting percentages, summarized in Table 4,
represent the proportion of improved images for each dataset and metric.

Table 4. Percentage of images showing improvement after applying the full two-stage process across
the three datasets.

Dataset TMOQI S N BRISQUE NIQE
Funt dataset 67% 44% 61% 35% 40%
Greg Ward HDR dataset 97% 55% 91% 67% 61%
UltraFusion benchmark 98% 56% 95% 45% 52%

As shown in Table 4, the second optimization stage provides consistent improvements
across all datasets. Significant gains were observed in TMQI and Naturalness, reflecting
enhanced perceptual quality and improved tone adaptation. Moderate improvements in
Structural Fidelity indicate that the refinement stage helps preserve fine structural details
while maintaining overall visual balance. Moreover, a higher proportion of images with
reduced BRISQUE and NIQE values suggests lower perceptual distortion and increased
visual realism. Collectively, these findings confirm that incorporating both optimization
stages results in a more stable, perceptually consistent, and robust tone-mapping perfor-
mance compared to using only the initial stage.

5.5. Overall Analysis

Across all three datasets, the proposed approach consistently ranked first or second
across all evaluation metrics. The most notable gains were observed in TMQI and natu-
ralness, aligning with the approach’s design emphasis on perceptual enhancement and
adaptive tone mapping.

While the ATT method achieved slightly higher values in Structural Fidelity, these
differences were marginal and not consistently statistically significant. By contrast, the
proposed method delivered balanced improvements across both perceptual and structural
criteria, indicating stronger generalization and robustness.

These findings support the effectiveness of the proposed approach, particularly in
preserving image realism while maintaining detail and contrast. The method’s adaptive
optimization strategy, based on the perceptual feedback and early stopping, enables efficient
computation without compromising quality. The performance remained consistent across
varied scenes and lighting conditions, reinforcing the method’s applicability to a wide
range of HDR imaging scenarios.

Furthermore, these visual comparisons uphold the quantitative analysis. The proposed
two-stage method consistently outperformed others by balancing contrast, structure, and
perceptual realism across varied scenarios. Common artifacts, such as highlight clipping
(Drago method), oversaturation (Mantiuk method), and excessive darkening (Reinhard
method), were mitigated, while surpassing the ATT method in global tonal balance and
local detail fidelity. By sequentially optimizing perceptual metrics and refining luminance
and contrast, the robustness of the proposed approach across diverse lighting conditions,
scene complexities, and texture distributions was proven.

6. Conclusions and Future Work

A two-stage optimization approach for HDR tone mapping that jointly refines the
TMOQI evaluation metric and the tone mapping operator was presented. By adapting
perceptual parameters in the first stage and optimizing tone curve parameters in the
second, the proposed method achieved consistent improvements in both quantitative
metrics and visual quality. Evaluations on benchmark datasets demonstrated superior
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performance over several established tone mapping techniques, validating the method’s
ability to produce perceptually faithful LDR images.

Future work will explore extending this approach to HDR video, addressing temporal
coherence and real-time processing needs. Additionally, the integration of learned percep-
tual models or semantic scene analysis may further enhance adaptation to diverse visual
content. These directions could expand the method’s applicability in practical domains,
such as immersive media, mobile imaging, and interactive rendering systems.
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Abbreviations

The following abbreviations are used in this manuscript:

Abbreviation Definition

HDR High Dynamic Range

LDR Low Dynamic Range

T™MO Tone Mapping Operator

TMQI Tone Mapping Quality Index

S Structural Fidelity

N Naturalness

BRISQUE Blind /Referenceless Image Spatial Quality Evaluator
NIQE Natural Image Quality Evaluator
ATT Adaptive Tone mapping Technique
TVI Threshold Versus Intensity

JND Just Noticeable Difference

HVS Human Visual System
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