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Abstract

We propose an adaptive image enhancement method based on photometric statistics to
improve object detection under adverse illumination conditions. Conventional image en-
hancement methods primarily target perceptual quality and may alter recognition-relevant
features, potentially degrading detection performance. In contrast, the proposed method
adaptively determines the enhancement intensity by combining a predefined domain-
specific preset with a photometric risk score calculated from the photometric statistics of
the input image to estimate the risk of enhancement-induced photometric risks. Based
on these estimates, the enhancement intensity is adaptively controlled, and unnecessary
transformation is conditionally bypassed. Experiments on the Berkeley DeepDrive 100K
dataset using YOLOv11 demonstrate that the proposed method improves Fl-score and
mean Average Precision by 0.101 and 0.195, respectively, compared with unprocessed
images under adverse conditions, including low-light environments. These results demon-
strate that detector-oriented adaptive enhancement can improve robustness while reducing
performance degradation caused by unnecessary or excessive image transformation.

Keywords: image enhancement; object recognition; photometric statistic; task-oriented
enhancement

1. Introduction

Object recognition systems should operate reliably under adverse and dynamic light-
ing conditions ranging from insufficient illumination to extreme overexposure for safety-
critical applications including autonomous driving [1,2]. However, these object recognition
systems exhibit performance drops on these degraded images. Although applying image
enhancement methods can improve perceptual quality, they often alter the feature distri-
bution during the recognition process, causing it to deviate from the training data and
consequently diminishing recognition accuracy [3,4].

Various methods to enhance image quality have been widely adopted, including
global pixel-wise transformations such as gamma correction and histogram equalization,
as well as contrast-limited adaptive histogram equalization (CLAHE). Adaptive image
enhancement methods adjust enhancement strength according to local image character-
istics such as brightness distribution or exposure level. Recently, deep learning models
for image enhancement have achieved impressive visual quality improvements. However,
most existing image enhancement focuses on improving perceptual image quality rather
than recognition performance. Several studies have shown that image transformations
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aimed at improving visual quality do not necessarily improve object recognition perfor-
mance and may even lead to an unexpectedly decline in accuracy [5-7]. This degradation
occurs because image transformations can alter the distribution of visual features, caus-
ing them to deviate from the feature distribution learned during detector training. This
presents the fundamental challenge of controlling image enhancement to improve visibil-
ity without disrupting the feature distributions required for object detection. This study
assesses the risk of enhancement-induced feature distribution shifts using photometric
statistics and investigates whether controlling transformation intensity accordingly can
consistently improve object detection performance under adverse imaging conditions.
Based on this assessment, the proposed method aims to adaptively control the image
transformation intensity to achieve an improvement in object detection performance under
adverse imaging conditions.

We propose an adaptive image enhancement method based on photometric statistics.
In this study, a photometric risk refers to the potential for enhancement-induced changes
in image photometric properties such as brightness and contrast to adversely affect the
detector responses. The proposed method adaptively determines the enhancement inten-
sity by estimating this photometric risk from the input image statistics. In addition, we
define a photometric domain to represent luminance distribution characteristics such as
overexposure, underexposure, and non-uniform illumination. This photometric domain
of an image is determined by statistical measures of luminance and its left-right intensity
distribution. Simultaneously, a photometric risk score quantifying the likelihood of pho-
tometric risk is computed based on the measured statistics. The image is enhanced using
gamma correction, CLAHE, and horizontal luminance balancing. The image enhancement
intensity is adaptively determined based on the photometric domain and the photometric
risk score. In addition, the photometric risk score is used to adjust the model’s confidence
threshold to compensate for the reduction in confidence caused by image transformations
across various object-related vision tasks. The proposed method is evaluated using the
Berkeley DeepDrive 100K that includes adverse-condition images, YOLO object detector,
and standard detection metrics, including precision, recall, F1-score, and mean average
precision. The experiment results demonstrate that the proposed method significantly
improves object detection performance under adverse imaging conditions. This work
makes the following contributions:

e  We propose an adaptive image enhancement method optimized for recognition tasks,
where the enhancement intensity is regulated based on the photometric risk derived
from photometric statistics.

e  We present a domain-driven enhancement intensity control approach that effectively
prevents over-enhancement by establishing domain-specific upper bounds. Specifi-
cally, we determine the target image domain based on photometric statistics, thereby
applying corresponding presets to constrain the enhancement intensity.

e We introduce a skip mechanism that bypasses the enhancement process for al-
ready optimized images for recognition tasks. This prevents performance degra-
dation caused by unnecessary image distortion while significantly improving
computational efficiency.

The remainder of this paper is organized as follows. Section 2 reviews the character-
istics of existing image enhancement methods. Section 3 presents the proposed method.
Section 4 describes the experimental setup and compares the object detection performance
of the proposed method with that of existing enhancement methods. Finally, Section 5
concludes the paper.
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2. Related Works

Traditional image enhancement methods improve image visibility by transforming
pixel intensities. Representative techniques include gamma correction [8], histogram
equalization [9], and contrast-limited adaptive histogram equalization (CLAHE) [10,11].
These methods enhance contrast within global or local regions at a low computational
cost. However, these methods typically apply unconditional global transformations with-
out considering spatial illumination variability. In practical environments, such uniform
adjustments may introduce artifacts such as noise amplification, structural distortion,
or exaggerated contrast boundaries. From the perspective of object recognition, these
transformations can impair performance by creating a mismatch between the actual fea-
ture distribution and the one learned during training [5]. Adaptive and content-aware
enhancement methods dynamically adjust transformation parameters based on image char-
acteristics. Examples include adaptive gamma correction [12] and adaptive CLAHE [13],
which optimize enhancement strength according to brightness distribution or histogram
statistics. However, many conventional adaptive methods lack an explicit switching or
gating mechanism to determine the necessity of preprocessing. Therefore, they may apply
redundant transformations to already stable frames, potentially introducing unnecessary
statistical perturbations.

According to Retinex theory, the intensity of an image pixel is determined by the
product of the illumination component, which describes the spatial distribution of light,
and the reflectance component, which represents the inherent physical properties of an
object. Retinex-based image enhancement decomposes an image into these two components
and suppresses non-uniform illumination that hinders visibility to restore the original
details and color. However, applying a small spatial scale often leads to color distortion,
while a large scale results in image blurring or loss of detail. Furthermore, halo artifacts,
characterized by a light-smearing effect, tend to occur at boundaries with abrupt brightness
changes, such as the edge between a dark building and a bright sky. To address these
limitations, the Multi-scale Retinex methods were proposed to combine the results at
various scales. Petro et al. [14] addressed color restoration and post-processing limitations
in Retinex-based enhancement by introducing RGB- and luminance-based strategies for
balancing color correction and local contrast enhancement. The Multi Scale Retinex with
Color Restoration (MSRCR) algorithm [15] applies Multiscale Retinex independently to
each RGB channel and incorporates a color restoration step to compensate for saturation
loss while enhancing local contrast under non-uniform illumination. Nevertheless, the
Retinex-based methods focus primarily on perceptual restoration and do not explicitly
consider detector-oriented input stability.

Recently, it has become popular to incorporate deep learning into image enhancement
research. Deep learning-based methods are generally divided into supervised learning and
unsupervised learning approaches. The methods based on supervised learning are trained
using paired datasets consisting of degraded input images and their corresponding clean
ground-truth images. The network is optimized to minimize the discrepancy between the
enhanced output and the ground-truth image. Wang et al. [16] proposed DeepUPE, an end-
to-end underexposed image enhancement network that learns an image-to-illumination
mapping rather than regressing an enhanced image. The method estimates a multi-channel
illumination map using local and global image features and employs illumination-aware
reconstruction, smoothness, and color losses to recover natural exposure, contrast, and
color. Xu et al. [17] proposed an SNR-aware low-light image enhancement framework that
combines a transformer-based long-range branch with a convolution-based short-range
branch. The method uses an estimated SNR map to adaptively emphasize non-local infor-
mation in severely degraded low-SNR regions and local information in relatively high-SNR
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regions, while its SNR-guided attention suppresses contributions from noise-dominated
tokens. Cui et al. [18] proposed the Illumination Adaptive Transformer, which combines
local pixel-wise adjustment with global ISP-related parameter estimation to address low-
light enhancement and exposure correction within a unified framework. Cai et al. [19]
proposed a one-stage Retinex-based Transformer that jointly estimates illumination and
restores enhancement-induced corruptions. This approach generally leads to stable training
behavior and superior enhancement performance. However, paired datasets containing
perfectly aligned ground-truth images are notoriously difficult to acquire in practice.

To overcome the limitation of the supervised learning networks, unsupervised ap-
proaches that can be trained without reference images have been proposed. Represen-
tative methods include generative model-based approaches such as EnlightenGAN [20],
CycleGAN [21], and diffusion model-based frameworks, which learn to transform de-
graded images into clean images. In GAN-based approaches, the generator produces
visually enhanced images while the discriminator learns to distinguish generated images
from real images, thereby encouraging perceptually realistic results. Nevertheless, these
generative approaches may produce hallucinated textures or non-existent objects during
the enhancement process. These hallucination artifacts can degrade downstream recogni-
tion performance by disrupting the structural and geometric consistency critical for object
recognition [6]. In addition, the image enhancement methods based on the ground-truth im-
ages or the reference images often suffer from limited generalization to out-of-distribution
domains due to the domain gap between training data and real-world applications. To
address these issues, zero-reference methods have been explored that perform enhance-
ment using only the input image itself. Instead of relying on paired labels, these methods
utilize loss functions based on constraints such as exposure control, color consistency, and
spatial coherence. This guides the network to enhance image quality while preserving
the structural and statistical characteristics of the input, thereby improving generalization
across diverse domains. Guo et al. [22] proposed Zero-Reference Deep Curve Estimation
(Zero-DCE), which formulates low-light enhancement as pixel-wise, image-specific curve
estimation. The network is trained without paired or unpaired reference images using
non-reference loss functions that guide exposure, color, and spatial consistency. Zero-
DCE++ [23] is a lightweight extension of Zero-DCE that estimates reusable pixel-wise
enhancement curves from downsampled inputs while retaining the zero-reference learning
framework. Zheng and Gupta [24] proposed a semantic-guided zero-shot framework
that combines pixel-wise enhancement factor estimation with recurrent low-light image
enhancement. However, these approaches remain limited in that they focus primarily
on visual enhancement and do not account for performance gains in downstream object
recognition tasks.

3. Proposed Method

We propose the adaptive image enhancement method to improve object recognition
performance. The proposed method analyzes the input image by utilizing photometric
statistics in order to determine its domain and adjusts the intensity of image enhancement
according to domain-specific characteristics. This is motivated by the observation that
improvements in perceptual image quality do not necessarily translate into improved de-
tector robustness. The input image is analyzed to measure various metrics of illumination
and saturation distributions. Based on these metrics, the image domain is determined
to facilitate the classification of image quality degradation caused by varying imaging
conditions. In addition, a photometric risk score is computed to quantify photometric risk
induced by image transformation. Subsequently, it is determined whether to skip the image
transformation step to prevent excessive enhancement from degrading object recognition
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performance on images with already sufficient quality. During object recognition, the corre-
sponding image transformations can induce a decline in confidence scores. To compensate
for this, the model’s confidence threshold is adjusted based on the photometric risk score.
Figure 1 illustrates the flow of the proposed method.

Image

Skip=True
Domain Coefficient || Image
determination derivation enhancement| | :
Photometric Skip Object
analysis decision recognition
Risk score Threshold
Calculation adjustment

Figure 1. Flow of the proposed method.

3.1. Photometric Statistics Measurement

The proposed method utilizes a set of illumination statistics to analyze photometric
conditions and estimate the photometric risk induced by image transformation. For this
analysis, each input image is converted into the LAB color space, and only the Lightness
(L) channel is used. The range of the pixel values is [0, 255]. The median (/) and 95th
percentile (p95) of luminance values are computed to analyze the global photometric
condition. These statistics characterize the effective luminance distribution through its
central and upper portions of the luminance distribution. These statistics provide measures
of illumination deficiency across the luminance distribution. For analyzing structural
instability, the coefficient of luminance variation (CV) is computed as follows:

CV=o/(u+e), M

where ¢ and y are the standard deviation and mean of luminance, respectively, and ¢ is a
stabilization constant to prevent division by zero. In this paper, ¢ is set to 1 x 107°. The CV
serves as an indicator of potential degradation in detector feature stability under contrast
collapse or noise-dominated conditions. To assess left-right illumination imbalance (dLR),
the image is divided into two equally sized regions along its vertical centerline. This
partition is intended to capture global lateral illumination asymmetry while reducing
sensitivity to local objects, textures, and structural variations. Then, the illumination
imbalance is calculated from the difference between the mean luminance values of the left
and right halves as follows:

dLR = |up — pr|/ (hr + pR), 2)

where 1 and pg are the mean luminance of the left and right regions, respectively. The
illumination imbalance quantitatively represents the likelihood of spatial asymmetry in
feature representation arising from luminance imbalance between the left and right regions.

3.2. Photometric Domain Determination and Photometric Risk Estimation

To categorize images based on the stability of feature representations in object detectors,
we define the photometric domains as summarized in Table 1. The photometric domains
are categorized based on types of adverse photometric variations, such as high exposure,
low exposure, and non-uniform illumination. These variations degrade object recognition
performance by introducing a photometric risk between the learned feature representations
and those extracted from input images [25]. The photometric domains are determined
in a rule-based manner based on the metrics for the spatial photometric characteristics
because these domains are defined based on statistical conditions rather than semantic
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categories. The rationale underlying the photometric domain determination criteria in
Table 1 is described in Appendix A. If an image satisfies the criteria of multiple domains,
the domain with the highest priority is selected.

Table 1. Photometric domain definitions and criteria.

Priority Domain Name Criteria Description
. extremely low exposure, blurring of
1 Night-dark m < 28 and p95 < 80 structural details
5 Indoor dLR >0.40 and m <130 and lateral luminance imbalance caused by
p95 <200 and CV > 0.18 local lighting
. low global illumination,
3 Night m <70 and p95 < 180 contrast degradation
4 Day CV <0.30 and p95 > 200 high exposure and clear visibility
Dusk Otherwise intermediate illumination

Along with the domain determination, a photometric risk score is calculated to predict
a photometric risk by image transformation. Partial risk scores for the photometric statistics
are calculated as follows:

sm = clamp (252 )
o 180—p95
Sp9s = clamp | —Tgp

scy = clamp (706:10'3)

dLR
SdLR = clamp(ﬁ),

where clamp(-) is a clamping function that constrains the values to the range [0, 1]. Con-
sequently, each score is bounded between 0 and 1. The terms s, and s;95 quantify the
photometric risks associated with insufficient median and upper-percentile luminance,
respectively. Accordingly, the reference values of 70 and 180 were adopted from the crite-
ria used to determine the ‘Night” domain. The term scy represents the photometric risk
associated with excessive spatial luminance variation. Its reference value was set to 0.3
based on the criterion of the ‘Day’ domain, indicating that luminance variation begins to
contribute to the risk score when it exceeds the range associated with relatively uniform
daytime illumination. The denominator of 0.4 defines the normalization range over which
the risk score increases from 0 to 1. The overall risk score s is computed as a weighted sum
of the photometric risk scores of individual metrics as follows:

s = ) SkW, 4)
ke{m,p95,CV,ALR}

where wy is the weight for each metric. The wy,, wy9s5, wcy, and wyrg are set to 0.35, 0.25,
0.25, and 0.15, respectively, based on the assumed relative contribution of each illumination
factor to the overall risk score. The overall risk score s is also bounded between 0 and 1.
The photometric risk score determines the intensity of the image transformation.

3.3. Image Enhancement Process Based on Domain Preset

The input image is processed using a diverse set of enhancement techniques includ-
ing gamma correction, CLAHE, and horizontal luminance balancing. Gamma correction
mitigates contrast compression, ensuring that details in dark areas are effectively enhanced.
CLAHE recovers structural details in dark environments by boosting local contrast. Hori-
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zontal luminance balancing mitigates left-right illumination imbalance to prevent biased
feature extraction caused by asymmetrical lighting conditions. The strength of each image
enhancement technique is modulated by its corresponding parameter, 0., 0.;,, and 0.
To prevent color distortion, these enhancement processes are applied solely to the L channel.
Before the transformation, the pixel values are normalized to [0, 1].

The gamma correction is applied as follows:

Oy (x,y) = I(x,y)"/ 9, 5)

where I(x, y) is the luminance value of (x, y) pixels in the input image. CLAHE is applied
with a grid size of 8 x 8 and an adaptive clip limit determined by 6;,. Horizontal
luminance balancing is performed using column-wise gain balancing as follows:

Ogain(x,y) = clamp(g(x)I(x,y)) ©)
g(x) = (‘u/(,ucol<x) +8))9gmr

where g(x) is a gain function and p; is the luminance mean of the x-th column.

Although image transformation can visually enhance an image, it can also amplify
noise or cause oversaturation. Such artifacts may distort feature representations and con-
sequently degrade object recognition performance. To counteract this, domain-specific
upper bounds are established for each technique to preserve feature-level robustness. In
the ‘Night-dark” domain, the luminance range is severely limited. Therefore, the gamma
correction and CLAHE are not applied due to the risk of noise amplification during contrast
enhancement. In the ‘Night’ domain, aggressive CLAHE is employed to mitigate the ad-
verse effects of local illumination sources. Images in the ‘Indoor’ domain are characterized
by severe local contrast distortions caused by locally dominant light sources. Accordingly,
horizontal luminance balancing is intensively applied to this domain. The “‘Dusk” domain
is characterized by mixed illumination and abrupt brightness variations. To address this,
all the image enhancement techniques are applied aggressively. For images in the ‘Day’
domain, strong gamma correction is applied to correct oversaturated illumination.

We design domain-specific presets that define the maximum enhancement intensity
based on the characteristics of each domain as shown in Table 2. These presets mitigates
photometric risks caused by excessive enhancement and ensures that the feature represen-
tation after image enhancement remains within the learned distribution of the detector. In
Table 2, ©,, Oy, and O, are the preset parameters defining the operational limits for 6,
Octip, and B¢,y respectively, to cap the maximum enhancement intensity. The derivation of
these presets is elaborated in Appendix B.

Table 2. Domain-specific upper bounds of image enhancement parameters.

Domain 0, O.iip Oguin
Night-dark 1.00 0.0 0.06
Night 1.10 1.8 0.04
Dusk 1.20 2.0 0.04
Indoor 1.00 14 0.04
Day 1.30 14 0.08

The 6, is determined based on the photometric risk score for global luminance s,
as follows:

6, = min(0.05s,, + 1.08, ©, (domain)). (7)
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In (7), the intensity of gamma correction 6., is adaptively adjusted from a base level
according to the illumination risk score s. The intensity of gamma correction is limited
by the domain-specific constant ©,, to prevent excessive brightness enhancement. The
parameters 0.;, and 0, are calculated as follows:

Octip = AscyOclip(domain)
Ggain = ASdLR@guin (domai”)/

(®)

where A is an attenuation factor which is adaptively determined based on s;;, scv, and s r
as follows:

A =1— (amSm + acvscv + X4LRSILR), ©)

where &, acy, and ayrr are weights for s, scy, and s, g, respectively. In this study,
&, acy, and agp g are set to 0.35, 0.25, and 0.40, respectively. In (8), the domain-specific
constants O, and O, determine the maximum intensities of the CLAHE and horizontal
luminance balancing, respectively, while the corresponding partial risk scores control the
proportion of each intensity applied. These intensity parameters are further modulated by
the attenuation factor A. As the photometric risk increases, A decreases and suppresses the
intensities of the corresponding image transformations.

3.4. Risk Score-Guided Confidence Threshold Adjustment

Even though the proposed image transformations are designed to preserve object
recognition performance, they can still introduce photometric risks that reduce confidence
scores. This reduction acts as a primary factor in increasing false negatives. To mitigate
this effect, an adaptive confidence thresholding strategy is introduced to recalibrate the
decision criteria based on the illumination and structural characteristics of each image. The
adjusted confidence threshold is derived by applying a luminance-aware factor f; and a
risk-aware factor f;. The luminance-aware factor is adaptively lowered according to the
median pixel intensity of the input image. By default, f; is set to 1.00. However, for images
with extremely low illumination (m < 50), f; is adjusted to 0.85. For moderately dark images
(m < 70), it is set to 0.90. This adjustment lowers the confidence threshold in poorly lit
environments to minimize potentially missed objects. The risk-aware factor f; is calculated
to reflect the structural instability and noise levels present in the input image as follows:

fr =094 —0.10s

fo 0.8§fr, ifs > 0.6 (10)
' fr, otherwise’

In (10), the base factor f, provides a linear response to the quantified environmental
risk, ensuring that the confidence threshold is gradually relaxed as structural instability
increases. The conditional formulation of f, introduces an additional scaling penalty, which
is triggered only in high-risk environments. This dual-stage relaxation encourages the
detector to focus on maximizing recall in images with high photometric risks induced by
the image enhancement. The adjusted confidence threshold, which is applied after detector
inference to determine whether each candidate prediction, is determined by selecting the
smaller factor between f; and f, as follows:

c*onf = Teonf X min(fj, fr), (11)

*

conf are the base and adjusted confidence thresholds, respectively.

where Ty, r and
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3.5. Selective Skip Mechanism

A skip mechanism is introduced to maintain object recognition performance by avoid-
ing unnecessary feature modification. The enhancement process is selectively executed
based on the following criteria:

1, s < Tyqy,(domain)
Gskip = ’ 1.p ’ (12)
0, otherwise

where Ggp is a binary indicator that determines whether the transformation process
is bypassed. The domain-specific threshold Tg;,(domain) controls the sensitivity of the
skip decision. A larger threshold increases the range of risk score s for which skipping
is allowed, whereas a smaller threshold makes transformation activation more likely.
This skip mechanism prevents unnecessary image transformations when the input image
exhibits a low photometric risk. Table 3 presents the domain-specific threshold values,
which were validated through the sensitivity analysis detailed in Appendix B. Images
in the ‘Night” and ‘Night-dark” domains generally produce higher risk scores because of
their lower median and upper-percentile luminance values. Therefore, relatively higher
domain-specific thresholds are assigned to these domains to account for their elevated
risk-score distributions. This setting allows images with comparatively low risk within each
low-light domain to bypass unnecessary transformation, thereby reducing the likelihood of
background-noise amplification and other transformation-induced artifacts, while ensuring
that images with sufficiently high photometric risk are still enhanced.

Table 3. Domain-specific thresholds for skip determination.

Domain Name

Night-Dark Night Dusk Indoor Day

Tskip

0.61 0.58 0.52 0.52 0.51

4. Experiment Results and Discussion

We conducted experiments to evaluate the object detection performance achieved
through the proposed image enhancement. We adopted YOLOv11n [26] as the baseline
object detector, conducting experiments on the Berkeley DeepDrive 100K (BDD100K) object
detection subset [4]. BDD100K is a large-scale, open-source autonomous driving dataset
curated by the UC Berkeley AI Research lab, which extensively encompasses diverse
weather conditions and time-of-day variations. The images in the BDD100K dataset have a
resolution of 1280 x 720 pixels. YOLOL11n, the nano-scale variant of the YOLO11 family,
was adopted as the baseline object detector because it provides a favorable balance between
detection accuracy and computational efficiency. As a single-stage detector, YOLO11n
performs feature extraction, bounding-box regression, and object classification within a
unified network. Before being fed into the network, the input images were rescaled to the
configured YOLO input size of 640 x 640 pixels, and the corresponding bounding-box
coordinates were transformed accordingly. For this input resolution, the model contains
approximately 2.6 million parameters and requires approximately 6.5 billion floating-point
operations (FLOPs). All experiments were conducted on a workstation equipped with an
AMD Ryzen 7 3700X 8-Core Processor (Advanced Micro Devices, Inc., Santa Clara, CA,
USA), an NVIDIA GeForce RTX 3080 Ti (NVIDIA Corporation, Santa Clara, CA, USA) with
12 GB of memory, and 32 GB of system memory, running Ubuntu 18.04 LTS.

For detector training and evaluation, we used a publicly available third-party deriva-
tive of BDD100K [27] which comprises 70,000 training images, 10,000 validation images,
and 20,000 test images and provides object detection annotations in YOLO format. The
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training configuration is provided in Table 4. After fine-tuning, the detector weights were
fixed and applied identically to the unenhanced images and all enhancement methods
throughout the comparative evaluation. The test split was treated as a development set
and used to determine the domain-detection criteria and conduct sensitivity analyses for
selecting the optimal parameter values, as described in Appendices A and B, respectively.
For performance evaluation, 7000 images were randomly sampled from the 10,000-image
validation split, and the same fixed subset was used consistently throughout all experi-
ments. Each experimental configuration was evaluated three times using this identical
subset, and the mean performance across the three runs was reported.

Table 4. Configuration used to training YOLO.

Parameter Setting
Epoch 200
Batch size 64
Initial learning rate 0.01
Optimizer setting Auto
optimizer SGD with Nesterov momentum
Learning-rate schedule Linear decay
Momentum 0.9
Weight decay 0.0005
Warm-up epochs 3
Warm-up momentum 0.8

The proposed method was compared against standard gamma correction, CLAHE,
adaptive gamma correction, adaptive CLAHE, Retinex-based MSRCR [15], and deep
learning-based Zero-DCE++ [23]. In this comparative setup, a gamma value in the standard
gamma correction and a clip limit for CLAHE were fixed exclusively at 1.2 and 3.0, re-
spectively. In addition, adaptive gamma correction and adaptive CLAHE were introduced
for comparative evaluation to overcome the limitations of standard approaches whose
fixed parameters result in poor adaptability under diverse illumination conditions. These
methods dynamically adjust the gamma value and clip limit, respectively, based on the
median value of the L channel in the LAB color space. The gamma value 6., for adaptive
gamma correction and the clip limit 6y;, for the adaptive CLAHE are defined as follows:

140, m < 60
0y =4120 60<m <100, (13)

1.05, otherwise

3.0, m <60
Octip = 2.0 60 < m < 100. (14)

1.2, otherwise

These adaptive approaches aggressively enhance the luminance and contrast to max-
imize the visibility of hidden details in low-light scenes, while conversely suppressing
exposure in bright images to prevent over-saturation. Similar to the proposed method, all
standard and adaptive variants adjust only the values of the L channel to prevent color
distortion. For Zero-DCE++, we utilized the pre-trained weights provided by the authors
in their official repository [28].

For evaluation, Precision (P), Recall (R), F1-score, mean average precision at an IoU
threshold of 0.5 (mAP@0.5), mean average precision averaged over loU thresholds from
0.5 to 0.95 (mAP@0.5:0.95), and mean of intersection over union (mloU) were employed
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Night-dark

as the performance metrics for object detection. The base confidence threshold applied
in the calculation of Precision, Recall, and the Fl-score was set to 0.5. A non-maximum
suppression (NMS) IoU threshold of 0.50 was consistently applied to all evaluated methods.
Additionally, Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure
(SSIM) were introduced to evaluate the proposed method’s capability to preserve the quality
and structural similarity of the original images during the image enhancement process.
All measurements were obtained using a Python-based evaluation pipeline. The image
transformation algorithms were implemented using the OpenCV library. The versions of
Python and OpenCV were 3.11 and 4.13.0, respectively.

For each method, every input image was first processed using the corresponding
transformation algorithm, and the resulting image set was subsequently evaluated using
the same pretrained YOLO object detection model. A fixed low confidence floor of 0.05
was applied uniformly to all methods for mAP evaluation. Predictions with confidence
scores below 0.05 were discarded before AP calculation. The adaptive confidence threshold
defined in Equation (11) was not applied to mAP calculation. The same dataset splits,
model weights, inference settings, and evaluation procedure were used for all methods to
ensure a fair comparison.

Figure 2 illustrates representative samples from each domain classified based on the
domain criteria detailed in Table 1. Images in the ‘Night-dark’ domain are characterized
by extremely low illumination. Images in the ‘Night” domain exhibit relatively higher
illumination than those in the ‘Night-dark” domain and typically contain localized light
sources. The ‘Dusk” domain represents ordinary outdoor environments under dim natural
lighting conditions. Images in the ‘Indoor” domain show spatially imbalanced illumination,
often caused by localized light sources, shadows, or other lighting effects. Finally, images
in the ‘Day’ domain are characterized by high global illumination. Table 5 details the
number of images classified into each domain. It also specifies the subset of images to
which the proposed method was applied excluding those skipped by (12). Out of a total
of 7000 images, the proposed method was applied to 4143 images, while the remaining
images bypassed the proposed image enhancement.

Night Dusk Indoor Day

Figure 2. Image samples from the domains determined by the proposed method.
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Table 5. Domain determination results on experiment dataset.
Domain Night-Dark Night Dusk Indoor Day Total
All images 990 1565 290 1775 2380 7000
Applied images 759 1219 122 961 1082 4143
Ratio (%) 77% 78% 42% 54% 45% 59%

Tables 6 and 7 compare the object detection accuracies between conventional image
enhancement methods and the proposed approach for all the experiment images and for
the images where the proposed method was actually applied, respectively. Specifically, the
proposed method was selectively applied based on the condition defined in (5). In Table 6,
the experiment results indicate that standard Gamma Correction and CLAHE do not yield
a tangible improvement in actual detection performance. Regarding gamma correction,
the brightness-related augmentation included in the YOLO training pipeline may already
expose the model to similar illumination variations, thereby making gamma-based prepro-
cessing largely redundant. For CLAHE, the enhanced local contrast may reduce ambiguous
background responses and thereby improve precision. However, it may also alter or sup-
press subtle object-related features. This may increase the number of missed detections and
consequently reduce recall and the F1-score. For Adaptive Gamma Correction and Adap-
tive CLAHE, performance even deteriorated. The conventional methods like MSRCR and
Zero-DCE++ exhibit a severe degradation in detection accuracy. Despite their significant
contributions to perceptual enhancement, the excessive image transformation leads to a
photometric risk, which consequently undermines the capabilities of the object detector.
Conversely, the proposed method preserves the original structural integrity while achieving
an improvement of approximately 0.0071 in the F1-score and approximately 0.0123 in the
mAP@Q.5. Although precision slightly decreases, this is effectively compensated for by
a substantial increase in recall. This implies that the reduction in false negatives under
adverse conditions, such as low-light and foggy environments, contributes to ensuring
overall detection stability and reliability. However, the improvement in mAP@0.5:0.95
remains marginal. This may be because input-level image transformation primarily im-
proves the detectability of objects, whereas performance at higher IoU thresholds depends
on fine-grained localization capability. We conducted a paired bootstrap analysis using de-
tection metrics obtained from 7000 paired images, comprising the original images without
enhancement and the corresponding images enhanced using the proposed method. The
paired bootstrap analysis yielded a 95% confidence interval of [0.00231, 0.00336] for the
mean performance difference. Because the interval did not include zero, the result provides
statistical support for the observed performance improvement and indicates that it is un-
likely to be explained solely by sampling variability. Table 7 compares the object detection
accuracy specifically for the subset of experiment images where the image enhancement
process was not skipped. These images specifically represent environments adverse to
object detection, characterized by severe conditions such as low-light or over-saturation.
The proposed method yields improvements in the F1-score and mAP@0.5 of approximately
0.0101 and 0.195, respectively. These results imply that the proposed image enhancement
method can improve object detection performance, even under adverse conditions for
object detection. The proposed method exhibits an average per-image latency of 36.8 ms,
introducing an additional latency of 22.7 ms compared with detection performed without
the image transformation process. Although the proposed method achieves lower latency
than the Retinex-based MSRCR and the deep learning-based Zero-DCE++, its process still
incurs a non-negligible processing delay. The observed latency may be attributed to the
value-sorting operation required to compute the median-based illumination metric used
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for risk-score estimation. One potential approach to alleviating this computational burden
is to employ streaming quantile estimation algorithms, such as T-Digest and Greenwald-
Khanna. Although these algorithms produce an approximation of the median, they may
reduce computational costs while maintaining reasonable illumination estimation accuracy
and overall performance.

Table 6. Comparison of object detection performance for all experiment images.

Enhancement mAP Latency
Method P R F1-Score mloU mAP@0.5 @0.5:0.95 PSNR SSIM (ms)
None 0.7048 0.3114 0.4320 0.7554 0.2997 0.1956 - - 14.1
Gamma 0.7011 0.3129 0.4327 0.7554 0.3006 0.1953 27.44 0.9349 14.9
correction
CLAHE 0.7044 0.3119 0.4324 0.7524 0.3006 0.1963 19.18 0.7335 26.5
Adaptive gamma ) ;9 0.3121 0.4303 0.7533 0.2990 0.1940 25.35 0.8394 15.6
correction
Adaptive CLAHE 0.7040 0.3130 0.4333 0.7530 0.3015 0.1969 20.09 0.7544 28.5
MSRCR [24] 0.6853 0.2831 0.4007 0.7374 0.2708 0.1766 8.63 0.4311 1928.6
Zero-DCE++ [16] 0.6519 0.2786 0.3904 0.7262 0.2637 0.1698 12.07 0.5200 40.3
Proposed method 0.6536 0.3306 0.4391 0.7507 0.3120 0.1984 42.43 0.9892 36.8
Table 7. Comparison of object detection performance for experiment images where the proposed
method was applied.
Enhancement mAP
Method P R F1-Score mloU mAP@0.5 @0.5:0.95 PSNR SSIM
None 0.7118 0.3122 0.4341 0.7773 0.2978 0.1868 - -
Gamma correction 0.7000 0.3154 0.4349 0.7758 0.2998 0.1871 27.44 0.9349
CLAHE 0.7047 0.3157 0.4360 0.7741 0.3012 0.1888 19.18 0.7335
Adaptive gamma 0.6906 03139 04316 0.7733 0.2974 0.1851 2535 0.8394
correction
Adaptive CLAHE 0.7047 0.3167 0.4370 0.7742 0.3022 0.1893 20.09 0.7544
MSRCR [24] 0.6718 0.2797 0.3950 0.7545 0.2637 0.1649 8.63 0.4311
Zero-DCE++ [16] 0.6321 0.2745 0.3828 0.7405 0.2548 0.1568 12.07 0.5200
Proposed method 0.6328 0.3422 0.4442 0.7765 0.3173 0.1917 4243 0.9892

Figure 3 illustrates the F1-score and mAP@0.5 gains achieved by the proposed method
for the images grouped within each risk-score interval. The risk-score range from 0 to
0.7 was divided into intervals with a step size of 0.1, The detection performance of the
original and enhanced images was then compared for the images within each interval. The
performance gain is calculated as the difference between the metric value obtained after
applying the proposed method and that obtained from the original images. To ensure a
fair comparison, both the original and enhanced images were evaluated using the same
object detector under identical detection settings. For images with risk scores below 0.2,
the proposed method yields only marginal improvements in object detection performance.
This indicates that images in these intervals generally retain sufficient visual quality for
the detector to identify objects reliably without substantial enhancement. A noticeable
increase in the Fl-score and mAP@0.5 gains are observed for images with risk scores
ranging from 0.2 to 0.5. This trend suggests that the proposed method becomes increasingly
beneficial as image degradation begins to adversely affect object detection. For risk scores
of 0.5 and above, both performance gains show slight decreases. Images in these intervals
have relatively high photometric risks caused by image transformation. Therefore, the
proposed method adaptively reduces the enhancement intensity to preserve detection-
relevant features and prevent excessive image modification. Overall, Figure 3 demonstrates
that the proposed method adjusts its enhancement effect according to the estimated risk
score, providing greater detection benefits for degraded images while limiting potentially
detrimental transformations for high-risk images.
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Figure 3. Performance gains achieved for images within risk score intervals: (a) for Fl-score;
(b) for mAP@0.5.

Table 8 compares the object detection performance between the original and trans-
formed images across different domains. The symbols AP, AR, AF1, and AmAP denote
the gains in Precision, Recall, F1-score, and mAP@0.5, respectively, relative to the baseline
performance obtained by directly applying the detector to the original images. The reduc-
tion in Precision was particularly pronounced in the ‘Night-dark” and ‘Night” domains.
Although higher confidence thresholds were applied, the enhancement process amplified
background noise and low-contrast structures, causing some of them to be incorrectly de-
tected as objects and consequently increasing false positives. Nevertheless, Recall increased
consistently across all domains. The resulting gains in Recall were sufficient to offset the
corresponding losses in Precision, leading to overall improvements in both F1-score and
mAP@Q.5 across every domain. In particular, the ‘Indoor” and ‘Day” domains exhibited
more pronounced improvements than the other domains.

Table 8. Detection performance gain across different domains.

Domain AP AR AF1 AmAP
Night-dark —0.1019 0.0291 0.0014 0.0097
Night —0.0897 0.0266 0.0026 0.0121
Dusk —0.0620 0.0267 0.0061 0.0196
Indoor —0.0658 0.0338 0.0180 0.0281
Day —0.0672 0.0311 0.0156 0.0258

To quantitatively analyze the individual contributions of the core control elements
within the proposed method, we conducted a stepwise ablation study. In Table 9, ‘No-skip’,
‘No-attenuation’, and "No-confidence threshold adjustment” denote the omission of the skip
mechanism, of the attenuation factor A from (9), and of the confidence threshold adjust-
ment. The configuration of ‘Only confidence threshold adjustment’” indicates that only the
confidence threshold adjustment was applied. The image enhancements utilizing intensity
derived only from risk scores degraded object detection accuracy due to excessive image
transformation. This implies that the attenuation factor successfully suppresses excessive
image transformation based on the photometric risk scores The unconditional application of
the proposed method without the skip mechanism introduced redundant transformations
to already stable imagery, which consequently lowered accuracy. Conversely, the proposed
method leverages both the attenuation factor and the skipping mechanism to prevent
excessive image enhancement, effectively preserving structural features and yielding an
improvement in overall object detection performance. When image enhancement was
applied without confidence adjustment, Precision and Recall remained close to the baseline
values obtained by directly applying the detector to the original, unprocessed images.
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However, the corresponding Fl-score did not substantially improve because the confidence
score degradation induced by the image transformation was not compensated. Applying
only confidence threshold adjustment without image enhancement substantially improved
recall, but it markedly reduced precision and consequently lowered the F1-score. Chang-
ing the confidence threshold without image transformation affects only the acceptance
criterion for existing predictions. By contrast, the confidence threshold adjustment in the
proposed method adjusts the confidence threshold in accordance with the transformed
images, thereby improving detection performance.

Table 9. Ablation study of the proposed method.

Configuration P R F1-Score mAP@0.5
No-attenuation 0.6166 0.3300 0.4299 0.3018
No-skip 0.6343 0.3286 0.4329 0.3104
No-confidence
threshold adjustment 0.7085 0.3116 0.4330 0.3124
Only confidence
threshold adjustment 0.5915 0.3246 0.4191 0.2951
Proposed method 0.6536 0.3306 0.4391 0.3120

Table 10 presents evaluations of the proposed method using the YOLO26n detector
and the COCO dataset [29]. When evaluated with YOLO26n [30], the proposed method con-
tinued to improve both the F1-score and mAP compared with the baseline results obtained
by directly applying the detector to the original, unprocessed images. The improvement
observed with YOLO26n raises the possibility that the proposed method could retain some
effectiveness across related detector variants. On the evaluated COCO dataset, the pro-
posed method produced a slight improvement in mAP@0.5, whereas the F1-score decreased.
This mixed result suggests that the effectiveness of the proposed method depends on the
characteristics of the evaluated data. In particular, adverse illumination conditions targeted
by the proposed method appear to be relatively underrepresented in COCO, limiting the
number of images that benefit from enhancement. Overall, these additional experiments
demonstrate limited generalization under the evaluated settings and indicate that further
validation using more diverse detector architectures and datasets is required.

Table 10. Detection performance gain across different detectors and datasets.

Detector Model Dataset AP AR AF1 AmAP
YOLOv11n [26] BDD100k —0.0512 0.0192 0.0071 0.0123
YOLOv11n [26] COCO —0.0325 0.0183 —0.0230 0.0075

YOLO26n [30] BDD100k —0.1494 0.0496 0.0168 0.0316

Figure 4 presents images from each domain, including the original images and their
enhanced versions obtained using gamma correction, CLAHE, adaptive gamma correc-
tion, adaptive CLAHE, MSRCR, Zero-DCE++, and the proposed method, along with the
corresponding YOLO object detection results. The standard gamma correction, CLAHE,
gamma correction, and adaptive CLAHE did not lead to a noticeable improvement in object
detection compared with the original images. While ZERO-DCE++ and MSRCR enhance
the perceived visibility of objects, some objects remain undetected. This suggests that visu-
ally pleasing enhancement does not necessarily translate to improved machine learning
performance. In contrast, the proposed method successfully enhances object detection per-
formance through targeted, minimal image enhancements that preserve essential features.
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Most conventional image enhancement methods, including Zero-DCE++ and MSRCR,
are designed to improve perceptual image quality by increasing visibility under diverse
illumination conditions. As these methods are primarily optimized for visual enhancement,
their transformations may modify contrast and intensity distributions in ways that are not
necessarily aligned with the feature representations of a deep learning detector. The pro-
posed method pursues a different objective: rather than maximizing visual enhancement,
it selectively adjusts photometric conditions while preserving detector-relevant features.
This task-oriented design accounts for the observation that visually enhanced images do
not always yield higher object detection accuracy.

Night-dark Night Dusk Indoor Day

Figure 4. Comparison of image enhancement results. The green boxes indicate the bounding boxes of
detected objects.

Figure 5 visualizes the YOLO activation maps obtained after applying various im-
age enhancement methods, including the proposed method. Compared with the results
obtained from the unenhanced image, several conventional enhancement methods were
observed to produce weaker or more diffuse activations in the object regions, while increas-
ing the detector’s responses to background noise. In contrast, the proposed method limits
excessive enhancement intensity, resulting in more concentrated and distinct activation
responses in the actual object regions.
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Figure 5. Activation map visualizations for different image enhancement methods. Blue indi-
cates pixels with little to no activation, whereas colors closer to yellow indicate pixels with higher
activation levels.

5. Conclusions

We proposed an adaptive image enhancement method based on photometric statistics
to improve object recognition performance. The photometric domain was determined
based on spatial photometric characteristics, such as the luminance median value, the
coefficient of luminance variation, and illumination imbalance, to represent its photomet-
ric characteristics. In conjunction with this, the photometric risk score was calculated to
quantify the likelihood of its photometric risk caused by image enhancement. The pro-
posed method combined three techniques—Gamma correction, CLAHE, and horizontal
luminance balancing—to achieve image enhancement. The intensities of these techniques
were adaptively set according to the domain-specific preset and the photometric risk score.
Subsequently, the confidence threshold was adjusted to mitigate the reduction in confi-
dence scores caused by the image transformations. If the image was considered sulfficiently
optimal for object recognition, this enhancement process was skipped to prevent degrad-
ing object recognition performance from excessive enhancement. The experiment results
on the BDD100K dataset demonstrated that the proposed method improved F1-score by
0.0101 and the mAP@0.5 by 0.0195 on images under adverse conditions. This detection
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accuracy enhancement was particularly pronounced in the ‘Indoor’ and ‘Day’ domains
that represent localized and global overexposure conditions, respectively. Specifically, this
meaningful improvement in Recall demonstrated the capability of the proposed method to
mitigate false negative issues in object recognition under adverse imaging conditions. The
proposed method suppresses excessive image enhancement and consequently improves
object detection performance under adverse imaging conditions by adaptively regulat-
ing transformation intensity based on the photometric statistics. However, the proposed
method still has limitations. Although it effectively improves object detection performance
for images captured under adverse conditions, its performance gains are relatively limited
for images captured under normal conditions. Future work will therefore investigate a
deep learning-based image analysis approach that adaptively determines transformation
intensity according to the characteristics of each input image, with the aim of achieving
more consistent performance improvements across diverse imaging conditions. In addi-
tion, some of the parameters used to determine the image transformation intensity were
empirically selected. Future work will investigate deep learning-based methods for au-
tomatically estimating these parameters according to the photometric characteristics of
the input images. The proposed method has the potential to significantly enhance visual
perception capabilities across a wide range of real-world applications, including low-light
autonomous driving, mobile robotics, and intelligent surveillance frameworks.
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Appendix A

Appendix A describes the rationale for the photometric domain determination criteria
presented in Table 1. The criteria were established using 20,000 images from the test split of
the publicly available third-party derivative of BDD100K [30]. Based on this dataset, the
criteria were determined through a combination of statistical analysis of the photometric
feature distributions and empirical examination of the characteristic illumination patterns
observed in the images.

The criteria for the ‘Night-dark’” and ‘Night” domains were primarily determined
from the distributions of the median luminance m and the 95th-percentile luminance
p95. The empirical distributions were visualized using histograms and smoothed using
kernel density estimation (KDE), from which local minima were identified as candidate
boundaries between distinct illumination regimes, as shown in Figure A1l. For the entire
image set, local minima were observed at approximately 62.7 and 160 for m and for p95,
respectively, indicating a transition between low-light and relatively well-exposed images.
The images satisfying these initial low-light conditions were then analyzed separately
to further distinguish severely underexposed scenes. In this second-stage analysis, local
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minima were identified at approximately 20.4 and 90.3 for m and p95, respectively. Based on
these density valleys and the visual examination of images near the candidate boundaries,
the thresholds were adjusted to practical integer values, resulting in m < 70 and p95 < 180
for ‘Night” domain and m < 28 and p95 < 80 for ‘Night-dark” domain.
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Figure Al. Histogram and kernel density estimate for median luminance and 95th-percentile lumi-
nance metrics: (a) distributions for the entire image set; (b) distributions for images identified as
low-light in the first-stage analysis. The red dashed lines indicate the local minima of the correspond-
ing kernel density estimation curves.

The criteria of ‘Indoor” and ‘Day” domains were empirically defined according to the
characteristic illumination patterns repeatedly observed in the training data. The Indoor
domain was designed to capture spatially nonuniform illumination caused by directional or
localized light sources. Thus, a large left-right luminance difference (dLR > 0.40) and high
luminance variation (CV > 0.18) were jointly considered, while the upper bounds on m and
p95 prevented globally bright scenes from being assigned to this domain. The Day domain
was characterized by the presence of sufficiently bright regions (p95 > 200) together with
relatively uniform illumination (CV < 0.30). This combination prevented scenes containing
only localized bright areas from being classified as Day. These empirical boundaries were
selected by visually examining representative images around the candidate thresholds and
assessing whether the resulting domain assignments consistently reflected the intended
illumination characteristics. The representative examples in Figure 2 shows that the images
assigned to each domain generally exhibit the intended photometric characteristics.

Appendix B

Appendix B presents the sensitivity analysis conducted to determine the optimal
domain-specific preset values for controlling the image transformation intensity, threshold
for the skip mechanism, and confidence adjustment parameters. The identical YOLOv11
detector from the experiments was employed for this evaluation. To accommodate scenarios
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where false negatives result in more critical losses than false positives, we adopted a recall-
oriented weighted score defined as follows:

score = 0.4P 4 0.6R. (A1)

Tables A1-A3 present the detection performance across varying enhancement intensity
parameters. Object detection performance was evaluated on the BDD100K test set by
varying the parameters 6, 0;,, and 8¢, for gamma correction, CLAHE, and horizontal
luminance balancing, respectively. For gamma correction, the detection accuracies of the
‘Night-dark” and ‘Indoor” domains were not improved by increase in 6.,. Specifically, in the
extremely low-light ‘Night-dark” domain, gamma correction tends to either obscure object
features or amplify background noise. Similarly, gamma correction proves ineffective in the
‘Indoor” domain, which is characterized by spatially uneven illumination. For the remaining
domains, the optimal parameters are assigned to the domain-specific preset. For CLAHE,
performance improvements were observed across all domains except for the ‘Night-dark’
domain. This enhanced detection efficacy is attributed to CLAHE’s capability to ameliorate
locally over-saturated or low-light regions. Conversely, in the ‘Night-dark” domain, the
technique amplified background noise, thereby degrading detection performance. Notably,
the ‘Indoor” and ‘Day’ domains did not utilize the parameters yielding the best performance
for the final presets. In these domains, the performance discrepancy between the best and
sub-best parameters was marginal. A higher intensity of image transformation poses
a greater risk of disrupting feature distributions. Therefore, we selected the sub-best
parameters for the final presets, featuring lower values than the best parameters. Regarding
horizontal luminance balancing, illuminating balancing across all domains effectively
suppresses local over-saturation caused by left-right illumination asymmetry, thereby
improving detection performance.

The sensitivity analysis for the skip mechanism was also conducted. In this sensitivity
analysis, the domain-specific skip threshold Tskip in (12) was varied from 0.10 to 1.00 in
increments of 0.01, and the corresponding object detection performance was evaluated.
Table A4 presents the results within the range of 0.50-0.63, which contains the optimal
threshold for each domain. Images belonging to the ‘Night-dark” and ‘Night” domains
generally exhibit low global illumination and therefore tend to produce higher risk scores
than those in the other domains. Consequently, relatively high thresholds are required
in these domains to prevent unnecessary transformation of images with comparatively
low illumination risk. When the threshold is set too low, most images fail to satisfy the
skip condition and are therefore subjected to illumination enhancement. This excessive
transformation may amplify background noise in some images and consequently degrade
object detection performance. Conversely, an excessively high threshold may cause even
images requiring illumination enhancement to be skipped, thereby preventing sufficient
visibility improvement. The best detection performance was achieved at thresholds of 0.61
and 0.58 for the ‘Night-dark’” and ‘Night” domains, respectively. In contrast, images in
the ‘Dusk’, ‘Indoor’, and ‘Day’ domains generally exhibit higher illumination levels and
therefore produce lower average risk scores. As a result, many images in these domains
satisfy the skip condition even when relatively low thresholds are applied, thereby avoiding
unnecessary image transformation. If the threshold is set too low, however, transformation
may still be applied to some adequately illuminated images, potentially causing artifacts
such as brightness oversaturation and contrast distortion. Nevertheless, the resulting
degradation in detection performance was less pronounced than the degradation caused
by background noise amplification in the low-light domains. The optimal thresholds for
the ‘Dusk’, ‘Indoor’, and ‘Day’ domains were 0.52, 0.52, and 0.51, respectively.
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Table A1. Detection performance across different gamma correction intensities. Underlined values
represent the performance corresponding to the selected preset parameters.

0, Night-Dark Night Dusk Indoor Day
1.00 0.3619 0.5014 0.5495 0.4414 0.4093
1.05 0.3586 0.5007 0.5501 0.4388 0.4093
1.10 0.3546 0.5025 0.5500 0.4390 0.4093
1.15 0.3498 0.5014 0.5510 0.4371 0.4093
1.20 0.3465 0.5015 0.5513 0.4377 0.4093
1.25 0.3419 0.5012 0.5500 0.4336 0.4165
1.30 0.3411 0.4999 0.5498 0.4324 0.4212
1.35 0.3369 0.4995 0.5507 0.4323 0.4070

Table A2. Detection performance across different clip limits of contrast-limited adaptive his-
togram equalization. Underlined values represent the performance corresponding to the selected
preset parameters.

Oclip Night-Dark Night Dusk Indoor Day
0.0 0.3717 0.4992 0.5485 0.4359 0.3960
0.2 0.3565 0.4998 0.5482 0.4345 0.3960
0.4 0.3567 0.5009 0.5488 0.4347 0.3960
0.6 0.3602 0.4999 0.5495 0.4371 0.3960
0.8 0.3579 0.5001 0.5498 0.4353 0.3951
1.0 0.3596 0.5026 0.5498 0.4360 0.3951
1.2 0.3575 0.5028 0.5510 0.4373 0.3951
1.4 0.3540 0.5028 0.5501 0.4379 0.4070
1.6 0.3533 0.5026 0.5498 0.4375 0.4070
1.8 0.3533 0.5031 0.5510 0.4374 0.4070
2.0 0.3501 0.5017 0.5514 0.4380 0.3808
2.2 0.3500 0.5028 0.5511 0.4375 0.3903
24 0.3509 0.5028 0.5506 0.4380 0.3903
2.6 0.3469 0.5014 0.5510 0.4357 0.4093
2.8 0.3473 0.5006 0.5501 0.4377 0.3903

Table A3. Detection performance across different column gains. Underlined values represent the
performance corresponding to the selected preset parameters.

Ogain Night-Dark Night Dusk Indoor Day

0.00 0.3503 0.5013 0.5512 0.4373 0.4165
0.02 0.3503 0.5010 0.5512 0.4378 0.4165
0.04 0.3498 0.5022 0.5513 0.4391 0.4093
0.06 0.3511 0.5021 0.5509 0.4360 0.3998
0.08 0.3494 0.5019 0.5508 0.4380 0.4308
0.10 0.3498 0.5014 0.5510 0.4371 0.4093
0.12 0.3498 0.5016 0.5506 0.4367 0.4093
0.14 0.3502 0.5016 0.5506 0.4366 0.4093
0.16 0.3510 0.5017 0.5507 0.4358 0.3998
0.18 0.3508 0.5010 0.5503 0.4349 0.4093
0.20 0.3493 0.5016 0.5504 0.4352 0.4093

Table A4. Detection performance across different skip thresholds. Underlined values represent the
performance corresponding to the selected skip threshold.

Tskip Night-Dark Night Dusk Indoor Day
0.50 0.34384 0.38388 0.51245 0.52677 0.53230
0.51 0.34413 0.38427 0.51252 0.52704 0.53232
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Table A4. Cont.

Tekip Night-Dark Night Dusk Indoor Day

0.52 0.34623 0.38453 0.51253 0.52704 0.53232
0.53 0.34684 0.38478 0.51253 0.52704 0.53229
0.54 0.34654 0.38517 0.51253 0.52677 0.53229
0.55 0.34701 0.38517 0.51200 0.52677 0.53229
0.56 0.34745 0.38525 0.51176 0.52677 0.53229
0.57 0.34761 0.38547 0.51176 0.52677 0.53229
0.58 0.34808 0.38566 0.51176 0.52677 0.53229
0.59 0.34807 0.38566 0.51176 0.52677 0.53229
0.60 0.34875 0.38560 0.51176 0.52677 0.53226
0.61 0.34905 0.38560 0.51176 0.52677 0.53226
0.62 0.34899 0.38560 0.51176 0.52677 0.53226
0.63 0.34894 0.38550 0.51176 0.52677 0.53226

Table A5 presents sensitivity analyses of the luminance-aware factor (f;) for low-
illumination images (m < 50) and moderately dark images (50 < m < 70), respectively.
Table A6 presents the results within the range of 0.81-1.00, which contains the optimal
parameters. This sensitivity analysis identified the optimal values of f; as 0.85 and 0.90 for
low-illumination and moderately dark images, respectively. Table A6 shows the sensitivity
analyses of the risk-aware factor (f;). To facilitate the sensitivity analysis, the numerical
constants in (10) is parameterized as follows.

fr = frO —Ass
~mfr, ifs>06 (A2)
"~ |fr, otherwise

fr

Specifically, f;o and 1, were evaluated over the range of 0.85-1.00, whereas A, was
varied from 0 to 0.15. The sensitivity analysis confirmed that the constants originally
specified in (10) correspond to the optimal parameter values.

Table A5. Detection performance across different luminance-aware factor. Underlined values
represent the performance corresponding to the selected luminance-aware factor.

fi m < 50 50 <m<70
0.80 0.45331 0.45202
0.81 0.45332 0.45202
0.82 0.45337 0.45231
0.83 0.45342 0.45231
0.84 0.45342 0.45261
0.85 0.45344 0.45287
0.86 0.45339 0.45318
0.87 0.45342 0.45327
0.88 0.45337 0.45334
0.89 0.45337 0.45339
0.90 0.45337 0.45344
0.91 0.45337 0.45332
0.92 0.45337 0.45332
0.93 0.45337 0.45307
0.94 0.45337 0.45307
0.95 0.45337 0.45307
0.96 0.45337 0.45307
0.97 0.45337 0.45307
0.98 0.45337 0.45307
0.99 0.45337 0.45307
1.00 0.45337 0.45307
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Table A6. Detection performance across different constant values for risk-aware factor. Underlined
values represent the performance corresponding to the selected constant value.

fro Score A Score fr Score

0.85 0.45143 0.00 0.45421 0.85 0.45337
0.86 0.45164 0.01 0.45413 0.86 0.45337
0.87 0.45187 0.02 0.45390 0.87 0.45337
0.88 0.45209 0.03 0.45380 0.88 0.45344
0.89 0.45236 0.04 0.45361 0.89 0.45339
0.90 0.45254 0.05 0.45361 0.90 0.45328
091 0.45274 0.06 0.45330 091 0.45318
0.92 0.45298 0.07 0.45331 0.92 0.45318
0.93 0.45333 0.08 0.45332 0.93 0.45318
0.94 0.45344 0.09 0.45332 0.94 0.45311
0.95 0.45333 0.10 0.45334 0.95 0.45311
0.96 0.45332 0.11 0.45334 0.96 0.45311
0.97 0.45331 0.12 0.45332 0.97 0.45311
0.98 0.45331 0.13 0.45332 0.98 0.45311
0.99 0.45331 0.14 0.45332 0.99 0.45311
1.00 0.45331 0.15 0.45332 1.00 0.45311
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