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Abstract: Face detection in low-light conditions remains challenging due to underexposure, noise, and 

unstable contrast, which significantly degrade the performance of convolutional-based models. Con-

ventional enhancement techniques, such as Histogram Equalization, Contrast-Limited Adaptive His-

togram Equalization (CLAHE), and Low-Light Image Enhancement (LIME), often improve bright-

ness but introduce visual artifacts and lack robustness for face detection. This study proposes Low-

light Unified Multi-stage Enhancement Network (LUMEN), a lightweight multi-stage image enhance-

ment pipeline designed as a preprocessing module to improve RetinaFace-based face detection under 

low-light conditions. LUMEN integrates Multiscale Retinex with Color Restoration, adaptive gamma 

correction, CLAHE-based local contrast enhancement, controlled image fusion, and Non-Local Means 

denoising to jointly stabilize illumination, preserve texture, and maintain visual naturalness. The 

method is evaluated on a low-light subset of the Human Faces Object Detection Dataset using Ret-

inaFace. Detection performance is assessed using detection rate and confidence score, while visual 

quality is evaluated using no-reference metrics such as the Natural Image Quality Evaluator (NIQE) 

and the Blind/Referenceless Image Spatial Quality Evaluator (BRISQUE). Experimental results show 

that LUMEN achieves a face detection rate of 91% with a high confidence score (0.9545), rep-resenting 

an improvement of 33 percentage points over raw low-light images (58%), while maintaining detection 

performance comparable to CLAHE, which ranks as the second-best method, LUMEN delivers su-

perior perceptual quality, evidenced by the lowest BRISQUE score, as well as more stable visual ap-

pearance with reduced noise amplification and fewer contrast artifacts in low-light facial regions. LU-

MEN also achieves the lowest BRISQUE score, indicating superior texture preservation and percep-

tual stability. Ablation studies confirm that Retinex and CLAHE are the most critical components for 

detection robustness, while gamma correction, fusion, and denoising mainly contribute to visual natu-

ralness. These results demonstrate that LUMEN provides an effective and practical preprocessing so-

lution for low-light face detection. 

Keywords: Computer vision; Face detection; Low-light image enhancement; LUMEN; RetinaFace; 

Retinex; Surveillance systems. 

 

1. Introduction 

Lighting quality is a crucial factor in computer vision systems, particularly in applications 
such as security monitoring, public surveillance, and biometric identification. Under low-light 
conditions, cameras often fail to capture sufficient facial texture and structural details, 
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resulting in unstable face detection performance. Numerous reports indicate that a large pro-
portion of criminal incidents, nighttime activities, and security events are recorded under dark 
or semi-dark environments, making robust face detection in low-light images highly valuable 
from a practical perspective [1]–[4]. These illumination limitations position image enhance-
ment as a critical preprocessing step prior to face detection in low-light scenarios and, conse-
quently, as a challenging and relevant research topic. 

Research on face and object detection under low-light conditions has progressed signif-
icantly in recent years. Various deep learning–based detectors, such as FaceNet, YOLO, 
GhostFaceNets, and other Convolutional Neural Network (CNN)- based models, have 
demonstrated high accuracy under normal lighting conditions [5]–[7]. However, when applied 
to dark images, these models often degrade substantially due to increased noise, uneven in-
tensity distributions, and low visual contrast [8]. This observation indicates that the visual 
quality of the input images strongly influences the robustness of detection models. 

To address these limitations, several studies have proposed low-light face detection ap-
proaches through adaptive illumination enhancement [9]–[12], perceptual low-light enhance-
ment [8], and Deep Color Consistent Networks [7]. These methods aim to improve detection 
performance by either modifying detector architectures or applying learning-based illumina-
tion correction. Although effective in certain scenarios, these approaches typically entail high 
computational complexity, reliance on large-scale training data, and limited flexibility for de-
ployment in real-world operational environments, such as video surveillance systems. 

YOLOv5 is detectors are also commonly used as benchmarks in this context. YOLOv5 
is known for its high detection speed but is relatively sensitive to noise, while GhostFaceNets 
offer computational efficiency yet exhibit instability under extreme lighting conditions [5], 
[13]. Meanwhile, deep illumination-aware detection methods that incorporate specialized illu-
mination modules require additional training processes and complex configurations [8], [14]. 
These findings suggest that although detector architectures can be adapted to handle low-
light conditions, optimal performance remains highly dependent on the quality of the input 
images. This conclusion is consistent with prior studies emphasizing that preprocessing—
particularly image enhancement—plays a crucial role in improving detection robustness under 
low-light conditions [8], [15], [16]. 

RetinaFace is a modern face detection model designed to handle variations in pose, scale, 
and illumination through a Feature Pyramid Network (FPN) architecture and context mod-
ules [17]. Despite its strong architectural design, most existing evaluations of RetinaFace focus 
on normal lighting conditions and do not systematically explore integrating image enhance-
ment as a preprocessing step in low-light conditions. Meanwhile, various enhancement tech-
niques—including histogram-based methods such as Histogram Equalization (HE) and 
CLAHE [11], [18][, Retinex-based approaches [6], [19], illumination estimation–based meth-
ods such as Low-Light Image Enhancement (LIME) [9], [20], and luminance adaptation via 
gamma correction [13], have been reported to improve detection performance across multiple 
computer vision models, including RetinaFace. However, comprehensive analyses examining 
how illumination enhancement optimizes RetinaFace performance under low-light condi-
tions remain limited, highlighting a significant research gap. 

Among existing enhancement techniques, LIME is recognized for its effectiveness in 
improving low-light image visibility with low computational complexity and without requiring 
training data [10], [20]. Nevertheless, several studies report that LIME, when used alone, is 
prone to producing excessive illumination artifacts and lacks robustness in maintaining color 
consistency and fine local details, particularly in facial regions with subtle textures [10]. These 
findings indicate that although LIME has strong potential as an enhancement component, it 
must be combined with other techniques to achieve more stable, reliable image quality in face 
detection applications. 

Furthermore, improvements in image brightness do not always correlate with improved 
perceptual visual quality. Certain enhancement methods may increase detection accuracy 
while simultaneously introducing artifacts, over-contrast, or color distortion that degrade hu-
man visual interpretability. In surveillance and forensic contexts, image quality must also sup-
port manual analysis by human operators. Human-based perceptual evaluation is inherently 
subjective, inconsistent, and costly [15]. Therefore, this study adopts objective no-reference 
image quality metrics, namely NIQE and BRISQUE, which are grounded in principles of the 
Human Visual System (HVS), to provide quantitative and standardized visual quality assess-
ment [2]. 
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Based on these considerations, this research proposes a customized multi-technique en-
hancement approach designed to effectively improve low-light image quality while simulta-
neously supporting RetinaFace-based face detection and preserving visual interpretability for 
manual inspection. The proposed approach integrates multiple enhancement techniques into 
a staged pipeline that adaptively balances illumination correction, contrast enhancement, and 
preservation of facial structural information, as suggested by prior studies on low-light en-
hancement using illumination correction and adaptive luminance adjustment [9], [21]. 

Conceptually, the proposed pipeline combines global–local illumination correction, local 
contrast enhancement, and adaptive luminance adjustment to produce a more stable and in-
formative intensity distribution. Such multi-stage approaches have been widely reported to 
overcome the limitations of single enhancement methods, which typically focus on only one 
aspect—such as illumination or contrast—without considering overall visual stability [11], 
[18]. Additionally, luminance adaptation via gamma correction has been shown to effectively 
recover details in dark regions while preventing over-enhancement in bright areas [13], [22], 
[23]. 

The proposed pipeline is introduced as the Low-light Unified Multi-stage Enhancement 
Network (LUMEN). This designation emphasizes that the method is not merely an ad hoc 
combination of enhancement techniques, but a fully integrated system with a consistent pro-
cessing flow, rather than a learning-based neural architecture. By providing images with sta-
bilized illumination, enhanced local contrast, and adaptively adjusted luminance, LUMEN is 
designed to improve the reliability of RetinaFace-based face detection under low-light condi-
tions, where visual degradation often leads to the loss of critical texture and edge structures 
required for detection. The main contributions of this study are summarized as follows: 
• A unified multi-stage low-light image enhancement pipeline (LUMEN) is proposed as a 

detector-agnostic preprocessing strategy to improve the robustness of RetinaFace-based 
face detection under low-light conditions, without modifying the detector architecture. 

• A systematic evaluation framework is introduced to jointly analyze perceptual image 
quality and face detection performance, enabling recall-oriented assessment under low-
light scenarios. 

• A structured ablation study is conducted to quantitatively and visually examine the func-
tional contributions of each enhancement module, revealing how illumination normali-
zation, contrast enhancement, and noise suppression collectively support stable low-light 
face detection. 
The rest of this paper is organized as follows: Section 2 reviews related works on low-

light image enhancement and face detection. Section 3 presents the proposed LUMEN pipe-
line and its implementation details. Section 4 reports the experimental setup, quantitative and 
qualitative results, and ablation studies. Finally, Section 5 concludes the paper and outlines 
limitations and directions for future work. 

2. Preliminaries  

2.1. Multiscale Retinex with Color Restoration (MSRCR) 

Retinex is a fundamental theory in image processing introduced by Land to explain how 
the human visual system separates reflectance and illumination information of an object [19]. 
Within the Retinex framework, an image is assumed to be formed as the product of reflec-
tance and illumination components. Under low-light conditions, the illumination component 
is severely degraded, making it difficult to observe the reflectance details of objects, including 
facial structures [6], [15], [21]. The most basic Retinex model is Single Scale Retinex (SSR), 
which is formulated through a logarithmic comparison between the original image intensity 
and an illumination estimate obtained using a Gaussian surround function, as expressed in 
Equation (1) [6].  

𝑅𝑆𝑆𝑅(𝑥, 𝑦) = log⁡ 𝐼(𝑥, 𝑦) − log⁡[𝐼(𝑥, 𝑦) ∗ 𝐹(𝑥, 𝑦)] (1) 

Where 𝐼(𝑥, 𝑦) denotes the pixel intensity at location(𝑥, 𝑦), the symbol ∗ represents the con-
volution operation, and 𝐹(𝑥, 𝑦) is a Gaussian function used to approximate the local illumination. 

Although SSR is effective at correcting global illumination, it tends to be unstable under complex, 
spatially varying illumination conditions. To overcome this limitation, Jobson et al. proposed 
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Multiscale Retinex (MSR), which combines multiple Gaussian scales to simultaneously capture both 
global and local illumination characteristics [6], [22]. The MSR formulation is given in Equation (2): 

𝑅𝑀𝑆𝑅(𝑥, 𝑦) = ∑𝑤𝑘

𝐾

𝑘=1

 𝑅𝑆𝑆𝑅𝑘(𝑥, 𝑦) (2) 

Where 𝐾 denotes the number of Gaussian scales, 𝑤𝑘 is the weight assigned to each scale 

with ∑𝑤𝑘, and 𝑅𝑆𝑆𝑅𝑘 represents the SSR output at the 𝑘-th scale. To mitigate the color 

distortion commonly introduced by MSR, the method is combined with a Color Restoration 
Function (CRF), forming Multiscale Retinex with Color Restoration (MSRCR). The CRF is 
defined in Equation (3) [15], [16], [19]: 

𝐶𝑅𝐹(𝑥, 𝑦) = 𝛽 [log⁡(𝛼𝐼(𝑥, 𝑦)) − log⁡ (∑𝐼𝑐(𝑥, 𝑦)

𝑐

)] (3) 

Where 𝛼 and 𝛽 are gain parameters, and𝐼𝑐(𝑥, 𝑦) denotes the intensity of the 𝑐-th color 
channel at pixel location (𝑥, 𝑦). 

Several studies have reported that Retinex-based methods and their variants provide sig-
nificant illumination stability for deep learning–based face detection systems [2], [8], [16]. 
Given that RetinaFace heavily relies on consistent edge cues and gradient distributions [17], 
the preprocessing pipeline in this study begins with MSRCR. The underlying hypothesis is 
that Retinex-based illumination recovery yields a more stable reflectance representation, 
thereby enhancing the RetinaFace feature extractor's sensitivity under low-light conditions. 

2.2. Contrast Limited Adaptive Histogram Equalization (CLAHE) 

Contrast Limited Adaptive Histogram Equalization (CLAHE) is a local contrast en-
hancement method that improves on Adaptive Histogram Equalization (AHE) [11], [18], [24]. 
While AHE can enhance micro-level details, it often leads to excessive noise amplification in 
dark regions. CLAHE addresses this issue by limiting the histogram through a clip limit pa-
rameter, ensuring that contrast enhancement remains controlled. In CLAHE, the image is 
divided into several local grids, and the histogram of each grid is clipped using a predefined 
threshold before intensity redistribution. The intensity transformation in CLAHE can be ex-
pressed by Equation (4) [11]: 

𝐼CLAHE(𝑥, 𝑦) = 𝐶𝐷𝐹𝛾(𝐼(𝑥, 𝑦)) ⋅ (𝐿 − 1) (4) 

Where 𝐶𝐷𝐹𝛾  denotes the cumulative distribution function with clip limit 𝛾 , and 𝐿 
represents the number of intensity levels. 

Numerous studies have shown that CLAHE is effective at highlighting facial structures 
such as the contours of the nose, lips, and eye regions [15], [25], [26]. In the proposed pipeline, 
CLAHE is applied to the luminance (Y) channel to avoid color distortion. The underlying 
hypothesis is that local contrast enhancement from CLAHE will strengthen facial spatial 
structures, thereby facilitating RetinaFace's recognition of critical facial features. 

2.3. Adaptive Gamma Correction 

Adaptive Gamma correction is a nonlinear transformation aimed at adjusting image 
luminance based on global intensity characteristics [13]. In low-light conditions, adaptive 
gamma correction is used to enhance dark regions without over-enhancement. The adaptive 
gamma value can be derived from the image histogram distribution, as formulated in 
Equation (5) [13], [16]:  

𝛾 = 1 − 𝐶𝐷𝐹(𝜇) (5) 

Where 𝜇 denotes the mean intensity value of the image. The gamma transformation is then 
given by Equation (6): 

𝐼′(𝑥, 𝑦) = 255 (
𝐼(𝑥, 𝑦)

255
)

𝛾

 (6) 



Journal of Future Artificial Intelligence and Technologies 2026 (March), vol. 2, no. 4, Ramadani, et al. 569 
 

 

Where 𝐼(𝑥, 𝑦)  and 𝐼′(𝑥, 𝑦)  denote the pixel intensities before and after gamma 
transformation, respectively. 

The literature indicates that gamma correction is effective in stabilizing luminance prior to 
contrast enhancement stages [2], [8], [27]. In this pipeline, gamma correction is applied to normalize 
the global intensity distribution before CLAHE, with the hypothesis that this initial normalization helps 
prevent oversaturation and preserve subtle facial details crucial for RetinaFace detection. 

2.4. Non-Local Means (NL-Means) Denoising 

Non-Local Means (NL-Means) is a patch-similarity-based denoising technique that 
exploits global image information. Unlike Gaussian smoothing, which considers only local 
neighborhoods, NL-means compares patches across the entire image to preserve important 
textures, making it well suited for low-light images that often suffer from high sensor noise 
[15]. The basic NL-means model is expressed in Equation (7) : 

𝑁𝐿[𝑣](𝑥) = ∑𝑤(𝑥, 𝑦)𝑣(𝑦)

𝑦∈Ω

 (7) 

Where 𝑣(𝑦) denotes the pixel intensity at location𝑦, Ω represents the search domain, and 

𝑤(𝑥, 𝑦) is the similarity weight defined in Equation (8): 

𝑤(𝑥, 𝑦) =
1

𝑍(𝑥)
exp⁡ (−

∥ 𝑣(𝑁𝑥) − 𝑣(𝑁𝑦) ∥
2

ℎ2
) (8) 

Where 𝑁𝑥  and 𝑁𝑦  denote patches centered at pixels 𝑥  and 𝑦 , respectively, ℎ  is the 

smoothing parameter, and 𝑍(𝑥) is a normalization factor. 
Several recent studies have emphasized that denoising plays an important role in preserving facial 

textures prior to the detection stage [7]. Therefore, NL-means is placed at the final stage of the 
proposed pipeline to reduce noise that may be amplified during Retinex processing, gamma correction, 
and CLAHE. The underlying hypothesis is that NL-means can effectively suppress noise while 
preserving critical facial details for RetinaFace detection. 

2.5. RetinaFace Detector 

RetinaFace is a single-stage face detector built upon a Feature Pyramid Network (FPN) 
architecture, designed to simultaneously localize face bounding boxes and facial landmarks 
[17]. As shown in Figure 1, the model employs multi-scale feature pyramids (P2–P6), dense 
anchors, and independent context modules, enabling robust detection across a wide range of 
face scales and poses. Owing to this design, RetinaFace has been widely recognized as one of 
the most accurate and stable face detection frameworks in modern face detection research[1], 
[14], [25]. 

 

Figure 1. RetinaFace single-stage face detection architecture based on FPN with multi-scale features 
and context modules [17]. 

Several studies have reported that RetinaFace performance decreases when applied to 
low-light images [2], [8], [14]. The degradation is commonly associated with reduced gradient 
information, increased sensor noise, and loss of fine facial texture details under insufficient 
illumination. These factors negatively affect convolutional feature extraction, as CNN-based 
detectors rely heavily on edge cues and intensity distributions for reliable face localization. 
Previous investigations therefore, describe RetinaFace as a strong detection backbone whose 
performance under low-light conditions is closely related to the visual quality of the input 
images. 
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2.6. Related Works 

Early research on low-light image enhancement was largely influenced by histogram-
based methods, with Histogram Equalization (HE) being a classical approach for improving 
global contrast [28]. Although effective under certain conditions, numerous studies have 
reported that HE often leads to over-enhancement, noise amplification, and loss of important 
structural information when intensity distributions are highly uneven [15]. To address these 
limitations, Pizer et al. developed Adaptive Histogram Equalization (AHE) and subsequently 
Contrast Limited Adaptive Histogram Equalization (CLAHE), which introduces a clip limit 
mechanism to suppress excessive noise amplification [11], [18]. The effectiveness of CLAHE 
was further reinforced by Singh et al. [26], who reported that this method produces more 
natural local details, particularly in medical imaging. However, several surveys in [2], [15] 
emphasize that histogram-based approaches remain insufficiently adaptive to extreme 
illumination variations. 

These limitations motivated the development of Retinex-based approaches, which 
mimic the Human Visual System (HVS) by separating illumination and reflectance 
components. Land [19] introduced Retinex theory as a foundation of visual perception, which 
was later extended by Jobson et al. through Multiscale Retinex (MSR) and MSRCR to balance 
global and local details while preserving color consistency [6]. Although effective, the 
literature indicates that Retinex-based methods may introduce color distortion and noise 
amplification in dark regions. Li et al. [21] addressed this issue by incorporating adaptive 
gamma correction, while the survey by Liu et al. [2] confirmed that Retinex remains a core 
foundation of many modern low-light enhancement techniques. 

Another widely adopted approach is Low-Light Image Enhancement (LIME), 
introduced by Guo et al. [9], [20]. LIME estimates an illumination map to adaptively 
normalize lighting without requiring training data. Its primary advantages lie in low 
computational complexity and suitability for real-time applications. Subsequent studies, such 
as [29], reported that LIME effectively enhances visibility in dark regions. However, the 
literature also notes that LIME tends to produce color inconsistency and illumination artifacts 
when used as a standalone method, particularly in images with extreme illumination variation 
[2], [10]. 

In addition, luminance-based approaches such as adaptive gamma correction have been 
widely used due to their computational efficiency. Rahman [13] proposed a histogram-based 
adaptive gamma correction suitable for real-time applications. Nevertheless, several studies 
have shown that this method is less effective when applied independently, especially for 
images with severely uneven contrast and illumination [2], [21]. As demand for improved 
visual quality increased, several studies proposed image–fusion–based approaches. Mishra 
and Palkar [30] demonstrated that wavelet fusion and pyramid fusion can significantly 
enhance textural details, albeit at high computational cost. Singh et al. [26] combined CLAHE 
with wavelet fusion to improve structural detail; however, such fusion-based methods are less 
suitable for time-constrained systems such as video surveillance due to their computational 
overhead. 

Advances in modern computer vision have also driven the emergence of deep learning–
based low-light image enhancement methods. Semi-supervised approaches by Yang et al. [8] 
and the Deep Color Consistent Network proposed by Zhang et al. [14] significantly improve 
perceptual quality and color consistency. In addition, Zhang et al. [7] introduced residual 
learning for denoising low-intensity images. Despite achieving high-quality results, most deep 
learning–based methods require large-scale datasets, long training times, and substantial 
computational resources, making them less ideal for real-time applications with hardware 
constraints [2], [8], [14]. 

In the context of face detection, the literature consistently highlights illumination quality 
as a key factor affecting detector performance. Studies such as GhostFaceNets [5] and 
GhostNet [31] improve model efficiency but still experience significant performance 
degradation under low-light conditions. The survey by Zhao et al. [1] emphasizes that poor 
illumination leads to the loss of critical facial features essential for CNN-based feature 
extraction. Fu et al. [32] demonstrated that applying image enhancement prior to detection 
can significantly improve accuracy, while studies in [8] and [14] further confirmed the 
importance of preprocessing for enhancing the robustness of deep learning–based detectors. 

Although RetinaFace [17] is currently one of the most powerful face detectors, the 
literature indicates that integrating multi-technique enhancements—such as Retinex, 
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CLAHE, and adaptive gamma correction—into a unified preprocessing pipeline for 
RetinaFace has rarely been explored. Most existing studies focus on improving detector 
architectures rather than enhancing input image quality [1], [17], [31]. Moreover, objective 
visual quality assessment based on Human Visual System–oriented metrics such as NIQE 
and BRISQUE has become increasingly important for large-scale applications without 
reference images [2], [15]. 

Based on the above review, it can be concluded that no single method can 
comprehensively address all challenges associated with low-light images. Traditional and deep 
learning–based approaches each possess distinct strengths and limitations. Furthermore, 
research integrating multiple enhancement techniques into a unified pipeline as preprocessing 
for modern face detectors such as RetinaFace remains limited. This research gap motivates 
the development of LUMEN, an integrated enhancement approach designed to achieve more 
stable illumination, preserved textural details, and improved face detection accuracy under 
low-light conditions. 

3. Proposed Method  

This study proposes the Low-light Unified Multi-stage Enhancement Network 
(LUMEN) as an integrated preprocessing pipeline to enhance low-light image quality prior to  

  

Figure 2. Detailed workflow of the LUMEN enhancement pipeline, showing sequential stages of illumination normalization, lumi-
nance enhancement, contrast adaptation, fusion, and noise suppression for low-light face images. 

RetinaFace-based face detection. LUMEN is designed as a multi-stage approach that 
combines global–local illumination correction, adaptive luminance adjustment, local contrast 
enhancement, and noise and sharpness control in a sequential and coordinated manner. 
Unlike single enhancement methods that generally address only one specific visual aspect, 
LUMEN targets overall image quality stability. Thus, this pipeline not only supports more 
robust feature extraction in CNN-based detectors but also maintains image visual legibility 
for manual analysis. An overview of the LUMEN method flow is shown in Figure 2. 

3.1. Original Low-Light Image 

The initial stage of LUMEN takes the raw low-light image as the baseline input. Accord-
ing to the literature [15], [33]–[35], low-light images are generally characterized by insufficient 
illumination, poor signal-to-noise ratio, and loss of structural details, particularly in facial re-
gions. In LUMEN, the original image is not entirely discarded; instead, it is partially preserved 
for use in the fusion stage (Subsection 3.8). This strategy aims to maintain visual naturalness 

Raw image Retinex image 

Convert to YCbCr 

Select Y component Adaptive Gamma Correction 

Reconstruction to RGB 

Cb and Cr component  

CLAHE Fusion image Gaussian blur image 

Sharpening image Denoising image 
Final Output image 
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and prevent overly artificial appearances that may arise from aggressive multi-stage enhance-
ment. 

3.2. Retinex (Adaptive MSRCR) 

The theoretical foundation of Retinex has been discussed in Section 2.1; therefore, this 
subsection focuses on implementation details and parameterization. LUMEN employs an 

MSRCR approach using three Gaussian scales, namely 𝜎⁡ ∈ ⁡ {15, 80, 250}. The small scale 

𝜎 = 15 is used to emphasize fine-grained details, the medium scale 𝜎 = 80 balances texture 
and contrast, while the large scale σ = 250 is intended for global illumination correction. This 
multi-scale combination enables simultaneous recovery of local details and overall illumina-
tion normalization, as recommended in several previous studies [31], [36], [37]. 

3.3. Color Space Conversion to YCrCb 

The Retinex-processed image is converted from the RGB color space to the YCrCb 
color space to separate luminance and chrominance components. The linear transformation 
used is given in Equation (9): 

𝑌 = 0.299𝑅 + 0.587𝐺 + 0.114𝐵,
𝐶𝑟 = 0.713(𝑅 − 𝑌),

𝐶𝑏 = 0.564(𝐵 − 𝑌).
 (9) 

Selecting the YCrCb color space enables enhancement operations to focus on the lumi-
nance channel (Y), which is most affected in low-light conditions, while preserving the color 
components (Cr and Cb). This approach effectively prevents color distortion that often oc-
curs when luminance and contrast enhancement are applied directly in the RGB space [38], 
[39]. Furthermore, luminance–chrominance separation in YCrCb enables more stable and 
controlled application of adaptive gamma correction and CLAHE. This strategy has been 
recommended in low-light image enhancement research to preserve color naturalness and 
visual consistency [21], [40], [41]. 

3.4. Adaptive Gamma Correction 

At this stage, adaptive gamma correction (AGC) is applied to the luminance channel Y 
to normalize the global intensity distribution of low-light images before local contrast 
enhancement. Gamma correction is a non-linear transformation that adjusts pixel intensities according 
to the relationship in Equation (6). In LUMEN, the gamma value is adaptively selected from a 

predefined discrete set 𝛾 ∈ {0.5,0.7,2.0} according to the overall brightness characteristics of the 
input image. This design is motivated by the hypothesis that different low-light conditions require 

different luminance responses. Lower gamma values (𝛾 = 0.5) are used to aggressively lift severely 
underexposed regions, moderate values (𝛾 = 0.7) balance brightness enhancement and visual 

naturalness in mildly low-light images, while higher values (𝛾 = 2.0 ) compress overly bright or 
unevenly illuminated regions to prevent saturation. These values are selected based on established 
gamma correction behavior reported in prior studies [42], [43] and empirical stability testing, rather 
than continuous optimization. The gamma correction stage is applied before CLAHE to normalize the 
global intensity distribution, enabling subsequent local contrast enhancement to operate more 
effectively. Although adaptive gamma correction does not directly maximize detection accuracy, it 
contributes to perceptual consistency and helps prevent excessive contrast amplification in later stages. 

3.5. Contrast Limited Adaptive Histogram Equalization (CLAHE) 

CLAHE is applied to the luminance channel Y to enhance local facial details. The pa-
rameters used in LUMEN are clipLimit = 2.5 and tileGridSize = 8 × 8, following prior studies 
[2], [11], [26]. This configuration has been shown to effectively preserve critical facial struc-
tures—such as the contours of the eyes, nose, and lips—while avoiding excessive noise am-
plification commonly observed in conventional histogram-based methods. 

3.6. Reconstruction to RGB Space 

After luminance enhancement is completed, the image is reconstructed back into the 

RGB color space by merging the enhanced luminance channel (𝑌′′) with the original chro-

minance channels (𝐶𝑟, 𝐶𝑏), as expressed in Equation (10): 
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𝐼𝑅𝐺𝐵 = merge(𝑌′′, 𝐶𝑟, 𝐶𝑏) (10) 

This step ensures that luminance enhancement does not compromise color accuracy, keeping 
the final image visually natural and color-accurate. 

3.7. Gaussian Smoothing 

Gaussian smoothing is applied to reduce high-frequency noise that is often amplified by 
the Retinex, gamma correction, and CLAHE stages. The Gaussian filter is defined as: 

𝐺(𝑥, 𝑦) =
1

2𝜋𝜎2
exp⁡ (−

𝑥2 + 𝑦2

2𝜎2
) (11) 

In LUMEN, 𝜎 = 2, is used, which according to [7], [15] provides an optimal balance between 
noise smoothing and detail preservation. This stage aims to stabilize the image before sharp-
ening, preventing noise from being unintentionally amplified. 

3.8. Fusion of Enhanced and Original Images 

The fusion stage is introduced to control visual naturalness and prevent overly contrast-
enhanced appearances. LUMEN combines the enhanced image and the original image using 
the following formulation: 

𝐼𝑓 = 𝛼𝐼enh + (1 − 𝛼)𝐼orig (12) 

With 𝛼 = 0.7, this approach preserves enhancement-induced details while maintaining the 
original image’s natural color and texture characteristics, as recommended in image fusion 
studies [26], [30]. 

3.9. Sharpening 

Sharpening is performed using the unsharp masking method to enhance facial edge 
structures, as defined by Equation (13). Sharpening is applied after the fusion stage so that 
edge enhancement operates on an image that is already stabilized and minimally affected by 
noise [44], [45]. This step improves gradient definition, which is crucial for feature extraction 
in RetinaFace's convolutional layers. 

 

𝐼𝑠ℎ𝑎𝑟𝑝 = 𝐼𝑓 + 𝑘(𝐼𝑓 − 𝐺𝜎 ∗ 𝐼𝑓) (13) 

3.10. Denoising Using Fast Non-Local Means 

The final stage of LUMEN applies denoising using Fast Non-Local Means (NLM) to 
remove residual noise remaining after sharpening. The parameters follow stable configura-
tions reported in the literature [7]: h = 7, template size = 7, and search window = 15. This 
approach enables adaptive noise reduction without removing important facial texture details, 
ensuring that the final image remains sharp, natural, and well-suited for RetinaFace-based face 
detection. 

3.11. Perceptual Image Quality Assessment 

This study conducts image quality assessment using no-reference image quality assess-
ment (NR-IQA) metrics, namely NIQE (Natural Image Quality Evaluator) and BRISQUE 
(Blind/Referenceless Image Spatial Quality Evaluator) [15], [46]. These two metrics are widely 
used in image enhancement research because they can evaluate visual quality without requir-
ing reference images, making them particularly suitable for low-light scenarios where ground 
truth images are generally unavailable [8]. 

NIQE evaluates image quality based on deviations of statistical characteristics of image 
patches from a statistical model of natural images. In general, NIQE models natural images 
using a Multivariate Gaussian (MVG) constructed from luminance-based statistical features. 
The NIQE score is computed as the distance between the statistical distribution of the test 
image and that of natural images, which can be conceptually expressed as: 
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𝑁𝐼𝑄𝐸 = √(𝜇𝑛 − 𝜇𝑖)
𝑇∑(𝜇𝑛 − 𝜇𝑖)

−1

𝑛

 (14) 

Where 𝜇𝑛 and ∑ ⁡𝑛  denote the mean and covariance of the natural image model, respec-

tively, and, 𝜇𝑖 represents the mean of the statistical features of the enhanced image. 
Lower NIQE values indicate that the luminance distribution and global structure of the 

enhanced image are closer to those of natural images[2], [15], [46]. This metric is sensitive to 
global distortions, illumination instability, and intensity artifacts that often arise from aggres-
sive enhancement, such as those produced by global histogram-based methods [47], [48]. 
BRISQUE focuses on evaluating spatial structure and local texture using Mean Subtracted 
Contrast Normalized (MSCN) coefficients. The MSCN coefficients are computed from the 
luminance image as follows: 

𝐼(𝑥, 𝑦) =
𝐼(𝑥, 𝑦) − 𝜇(𝑥, 𝑦)

𝜎(𝑥, 𝑦) + 𝐶
 (15) 

Where 𝐼(𝑥, 𝑦)⁡is the pixel intensity, 𝜇(𝑥, 𝑦) and 𝜎(𝑥, 𝑦) are the local mean and standard 

deviation, respectively, and 𝐶 is a small constant for numerical stability. 
The distributions of MSCN coefficients and their neighboring pixel pairs are then ex-

tracted as features and mapped to a quality score using a pre-trained Support Vector Regres-
sion (SVR) model [49] . Lower BRISQUE values indicate that texture, edges, and noise levels 
are more natural and freer from artifacts such as edge halos or excessive high-frequency am-
plification. Therefore, NIQE and BRISQUE are jointly adopted to assess whether the pro-
posed enhancement improves perceptual quality while preserving natural image characteris-
tics in low-light conditions. 

3.12. Performance Assessment 

The performance of the proposed LUMEN pipeline is evaluated from two complemen-
tary perspectives: perceptual image quality and face detection robustness under low-light con-
ditions. This dual evaluation is necessary because improvements in visual appearance do not 
always correspond to improved detection performance, particularly in severely underexposed 
environments [50]. Accordingly, both aspects are jointly analyzed to assess LUMEN's effec-
tiveness as a preprocessing pipeline rather than as a detector-optimization method. Face de-
tection performance is quantitatively assessed using the detection rate and average confidence 
score produced by RetinaFace. These metrics are intentionally selected to reflect detection 
robustness and reliability in scenarios where illumination degradation is the primary challenge. 
The detection rate measures the proportion of ground-truth faces that are successfully de-
tected across the dataset and is defined as: 

Detection⁡Rate(%) =
∑ 𝐷𝑖
𝑁
𝑖=1

∑ 𝐺𝑖
𝑁
𝑖=1

× 100 (16) 

Where 𝐺𝑖 denotes the number of ground-truth faces in the 𝑖-th image, 𝐷𝑖 represents the 

number of correctly detected faces in the same image, and 𝑁 is the total number of test 
images. This metric provides an intuitive, recall-oriented measure of detection robustness, 
particularly suitable for low-light scenarios where the dominant failure mode is missed 
detections rather than false positives. Consequently, the detection rate should not be 
interpreted as classification accuracy, but rather as an indicator of the detector’s ability to 
recover facial instances that are visually degraded or partially obscured under insufficient 
illumination[51]. 

In addition to detection rate, the average confidence score is used to evaluate the relia-
bility and stability of detected faces. For each detected face, RetinaFace outputs a confidence 
value indicating the likelihood that the predicted bounding box corresponds to a true facial 
instance [17], [52]. The average confidence score is computed as: 

Average⁡Confidence(%) =
1

𝑀
∑𝑐𝑗

𝑀

𝑗=1

 (17) 
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Where 𝑐𝑗 denotes the confidence score of the 𝑗-th detected face, and 𝑀 is the total number 

of detected faces across all test images. A higher average confidence score indicates more 
stable detector responses and reduced ambiguity in feature extraction, reflecting improved 
facial visibility after enhancement. 

It is important to emphasize that bounding-box-level metrics such as precision, F1-
score, and mean Average Precision (mAP) are not reported in this study. This decision is 
motivated by the characteristics of the evaluation setting, in which the low-light subset used 
provides only face-count ground truth, without the detailed bounding-box annotations 
required for accurate computation of localization-based metrics. Moreover, the primary 
objective of this work is not to benchmark or retrain the RetinaFace detector, but to analyze 
how low-light enhancement affects detection robustness when the detector is used in a zero-
shot, off-the-shelf configuration. Under these conditions, recall-oriented metrics and 
confidence analysis are more appropriate and methodologically consistent with the research 
objective. 

3.13. Algorithmic Description of LUMEN Enhancement 

To clarify the implementation and ensure the reproducibility of the proposed method, 
the LUMEN processing flow is summarized in pseudocode in Algorithm 1. This algorithm 
describes the complete sequence of preprocessing stages, starting from the raw low-light im-
age to the final image ready for face detection. Each step in the algorithm directly represents 
the methodological steps described in Sections 3.1–3.10. 

 

Algorithm 1. LUMEN Enhancement Pipeline 
INPUT: img_raw: low-light image in BGR color space 
OUTPUT: img_out: enhanced image 
1: img ← img_raw.astype(float) + 1        # avoid log(0) in Retinex 
2: img_ret ← MSRCR_adaptive(img, scales = {15, 80, 250}) 
3: ycrcb ← convert_color(img_ret, BGR → YCrCb) 
4: (Y, Cr, Cb) ← split(ycrcb) 
5: Y_gamma ← adaptive_gamma_correction(Y) 
6: Y_clahe ← CLAHE_Y(Y_gamma, clipLimit = 2.5, gridSize = 8×8) 
7: ycrcb_enh ← merge(Y_clahe, Cr, Cb) 
8: img_enh ← convert_color(ycrcb_enh, YCrCb → BGR) 
9: img_fusion ← 0.7 × img_enh + 0.3 × img_raw 
10: img_blur ← GaussianBlur(img_fusion, σ = 2) 
11: img_sharp ← img_fusion + 0.3 × (img_fusion − img_blur) 
12: img_out ← FastNonLocalMeans( 
13:         img_sharp, 
14:         h = 7, 
15:         hColor = 7, 
16:         templateWindowSize = 7, 
17:         searchWindowSize = 15) 
18: return img_out 

4. Results and Discussion 

4.1. Experimental Setup 

The experiments were conducted on a system equipped with an AMD Ryzen 7 6800H 
processor, 16 GB of RAM, and an NVIDIA RTX 3050 GPU, running Windows 11 Pro 64-
bit. The implementation was developed in Python 3.12 using OpenCV 4.9.0 for all image 
enhancement stages in the proposed LUMEN pipeline, including adaptive Retinex, adaptive 
gamma correction, CLAHE, fusion, sharpening, and denoising. NumPy 1.26 was used for 
numerical operations and array manipulation, while Matplotlib 3.8 was employed for result 
visualization and graphical analysis. 

The RetinaFace model (version 1.1.1) was used as the primary face detector in all exper-
iments. RetinaFace was employed as an off-the-shelf face detection framework using the de-
fault pretrained configuration provided by the official implementation. No architectural mod-
ifications, parameter tuning, or threshold adjustments were applied, ensuring that all observed 
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performance differences can be attributed solely to the proposed LUMEN preprocessing 
pipeline rather than detector configuration. In addition, the Tkinter module was utilized to 
build a simple graphical user interface (GUI), and the math and time libraries were used for 
statistical calculations and execution time measurements. 

The dataset used in this study is the Human Faces Object Detection Dataset obtained 
from the Kaggle platform, which contains 2,204 images covering a wide range of lighting 
conditions, facial poses, numbers of faces per image, and background complexity. As this 
study focuses on face detection under challenging illumination conditions, only the low-light 
subset of the dataset was used. The dataset is publicly available at 
https://flyywh.github.io/CVPRW2019LowLight/. From the complete dataset, 30 repre-
sentative low-light images were selected for experimental evaluation, with the number of faces 
per image ranging from one to five. The selected low-light images are treated as an evaluation 
set for inference-only analysis, since the RetinaFace detector is applied in its pretrained off-
the-shelf configuration without any retraining or parameter adaptation. These selected images 
are available at https://github.com/Rivaldisky73/Image-Enhancement-Low-Light.git. 

The selected low-light images exhibit common degradation characteristics, including low 
average luminance (Y channel values below 70 on an 8-bit scale), noticeable noise in shadow 
regions, color casts caused by artificial lighting, and multiple faces at varying scales within a 
single image. To ensure a balanced evaluation across different detection complexities, the 
image distribution was controlled so that five samples represented each category (one to five 
faces). Representative examples of the selected low-light images are shown in Figure 3. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

Figure 3. Representative low-light images from the dataset with varying numbers of faces: (a) one 
face; (b) two faces; (c) three faces; (d) four faces; (e) five faces. 

In developing the LUMEN method, parameter selection was guided by prior image en-
hancement literature and empirical stability testing. As LUMEN is a deterministic multi-stage 

https://flyywh.github.io/CVPRW2019LowLight/
https://github.com/Rivaldisky73/Image-Enhancement-Low-Light.git
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image enhancement pipeline rather than a learning-based model, no loss-based optimization 
or training was performed. Instead, commonly reported parameter ranges were first identified 
from previous studies, and representative values were empirically evaluated to ensure stable 
illumination correction, controlled noise behavior, and reproducible face detection perfor-
mance. The final parameter settings prioritize visual stability, artifact avoidance, and con-
sistent performance across low-light images rather than dataset-specific tuning. 

Table 1. Main parameters of the LUMEN enhancement method 

Component 
Selected      

Parameters 
Recommended 

Range 
Remarks 

MSR Scales [15, 80, 250] 
Small → large 

scales 
Weights (𝑤𝑘) are positive and satisfy (∑𝑤𝑘 =

1). 

CLAHE 
clipLimit = 2.5, 

tile = (8×8) 
1.0 – 4.0 Higher values increase local contrast. 

Adaptive 
Gamma 

Adaptive 𝛾⁡ ∈
⁡[0.5,0.7, 2.0] 

0.5 – 2.0 
Discrete adaptive selection based on image 

brightness to balance enhancement and artifact 
suppression. 

Fusion 𝛼 𝛼 = 0.7 0.5 – 0.9 
Corresponds to 70% enhanced image and 30% 

original image. 

Gaussian 𝜎 𝜎 = 2.0 0.5 – 3.0 Applied for smoothing prior to sharpening. 

Unsharp⁡𝜅 𝜅 = 0.3 0.1 – 0.6 Larger values may cause oversharpening. 

NL-Means (h / 
hColor) 

7 / 7 3 – 15 
Higher values reduce noise but may blur fine de-

tails. 

4.2. Quantitative and Qualitative Analysis of Visual Enhancement Results 

Table 2 and Figure 4 present a combined quantitative and qualitative comparison of 
different low-light image enhancement methods, including raw input, CLAHE, Histogram 
Equalization (HE), LIME [20], and the proposed LUMEN pipeline. All methods were inde-
pendently re-implemented and evaluated under identical experimental conditions to ensure a 
fair and reproducible comparison. The analysis integrates no-reference image quality metrics 
(NIQE and BRISQUE) with visual inspection to assess enhancement stability, perceptual 
naturalness, and suitability for face detection under low-light conditions. 

Table 2. NIQE and BRISQUE of LUMEN results and comparison. 

Method NIQE ↓ BRISQUE ↓ 

Raw 31.209 7.394 

CLAHE 4.271 7.225 

HE 2860.526 13.798 

LIME 863.405 17.216 

LUMEN 45.656 6.856 

 

The raw low-light images are severely underexposed and noisy, resulting in obscured 
facial structures and unreliable visual information. This degradation is reflected by a high 
NIQE value (31.209), indicating substantial deviation from natural image statistics, confirm-
ing that raw images are unsuitable for robust face detection. Among histogram-based ap-
proaches, CLAHE demonstrates the most stable performance. Its low NIQE (4.271) and 
BRISQUE (7.225) values indicate well-preserved global luminance distribution and local tex-
ture structure. Visual inspection confirms that CLAHE enhances facial contrast in a con-
trolled manner while avoiding severe color distortion, making it a strong baseline for low-
light enhancement. 

In contrast, HE and LIME exhibit significant instability. HE produces extreme global 
contrast distortion, as evidenced by an exceptionally high NIQE score (2860.526) and visible 
over-amplification artifacts. LIME improves brightness more aggressively but introduces 
strong color casts, halo effects, and amplified noise, resulting in high NIQE (863.405) and 
BRISQUE (17.216) values. These results indicate that single-stage aggressive enhancement 
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strategies are insufficient to maintain perceptual quality in complex low-light scenes. The pro-
posed LUMEN pipeline achieves the most balanced performance across all evaluation crite-
ria. Although its NIQE value (45.656) is higher than that of CLAHE, it remains substantially 
lower than those of HE and LIME, indicating controlled global luminance deviation. More 
importantly, LUMEN attains the lowest BRISQUE score (6.856), demonstrating superior 
preservation of local textures, effective noise suppression, and minimal artifact introduction. 
Visual results further confirm that LUMEN enhances facial regions while maintaining natural 
color tones and stable background appearance. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

Figure 4. Visual comparison of low-light face image enhancement methods (a) raw image; (b) 
CLAHE; (c) HE; (d) LIME; (e) LUMEN 

Overall, the results reveal a consistent pattern: aggressive single-stage methods tend to 
improve brightness at the expense of perceptual quality, whereas adaptive multi-stage ap-
proaches provide more stable and natural enhancement. While CLAHE excels in luminance 
statistical stability, LUMEN offers the most balanced trade-off between illumination en-
hancement, texture preservation, and robustness for face detection, making it well-suited for 
practical low-light face recognition and surveillance applications. 

4.3. Detection Performance Analysis after Enhancement  

This subsection evaluates the impact of different enhancement methods on face detec-
tion performance under low-light conditions using detection-oriented metrics, namely detec-
tion rate and average confidence score produced by RetinaFace. The quantitative comparison 
of detection performance is summarized in Table 3, while Figures 5 and 6 illustrate the de-
tection behavior across images with varying numbers of faces. 

As shown in Table 3, raw low-light images yield the poorest detection performance, 
achieving a detection rate of only 58% with a relatively low average confidence score of 
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0.7811. This result confirms that insufficient illumination severely limits the detector’s ability 
to extract reliable facial features, underscoring the need for image enhancement as a prepro-
cessing step in low-light scenarios. 

Table 3. Detection performance comparison. 

Method Detection Rate (%) Confidence 

Raw 58 0.7811 

CLAHE 91 0.9565 

HE 88 0.8926 

LIME 80 0.8895 

LUMEN 91 0.9545 

 

Figure 5. Face detection performance comparison across different enhancement methods (Raw, CLAHE, HE, LIME, and LUMEN) 
against the ground-truth number of faces per image. 

Among the enhancement methods, CLAHE achieves the strongest overall detection 
performance, reaching the highest detection rate of 91% and the highest confidence score 
(0.9565). This indicates that locally adaptive contrast enhancement effectively improves facial 
visibility while preserving discriminative features required by the detector. Histogram Equal-
ization (HE) also improves the detection rate to 88%, but its lower confidence score (0.8926) 
suggests less stable feature reliability. Similarly, LIME achieves a moderate detection rate of 
80% with a confidence score of 0.8895, indicating that illumination-map-based enhancement 
alone does not consistently support robust face detection under complex low-light condi-
tions. 

Notably, the proposed LUMEN pipeline matches the highest detection rate achieved by 
CLAHE (91%) while maintaining a comparably high confidence score of 0.9545. This 
demonstrates that the multi-stage enhancement strategy effectively enhances detection per-
formance without compromising detector stability. As illustrated in Figure 5, both LUMEN 
and CLAHE exhibit consistent detection behavior across images with varying numbers of 
faces, closely matching the ground-truth face counts. In contrast, raw images exhibit large 
detection fluctuations, while HE and LIME show increased variability as scene complexity 
increases. 

Overall, the results in Table 3 and Figures 5–6 reveal a clear trend: enhancement meth-
ods based on aggressive global transformations or single-stage illumination correction can 
improve visibility but do not consistently translate into stable detection performance. In con-
trast, CLAHE and the proposed LUMEN pipeline provide the most reliable detection out-
comes. While CLAHE achieves the highest confidence score, LUMEN offers a more bal-
anced solution by delivering comparable detection accuracy with improved robustness across 
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varying face counts and illumination conditions, reinforcing its suitability for practical low-
light face detection applications. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

Figure 6. Detection with bounding box comparison of low-light face image enhancement methods 
(a) raw image; (b) CLAHE; (c) HE; (d) LIME; (e) LUMEN 

4.4. Ablation Study 

An ablation study was conducted to analyze the contribution of each component in the 
LUMEN pipeline to face detection performance and visual quality under low-light conditions. 
In each experiment, one major module was removed from the full configuration (Full LU-
MEN), and the resulting system was evaluated using detection rate, confidence score, and no-
reference image quality metrics, namely NIQE and BRISQUE. A summary of the quantitative 
results is presented in Table 4, while more detailed per-image comparisons are illustrated in 
the graph shown in Figure 7. 

4.5.1. Quantitative Ablation Results 

The results in Table 4 indicate that Retinex and CLAHE are the two most critical com-
ponents in the LUMEN pipeline. When Retinex is removed, the detection rate drops drasti-
cally to 56%, accompanied by a significant decrease in confidence. This finding confirms that 
global illumination normalization is a fundamental prerequisite for enabling CNN backbones 
to recognize facial structures under low-light conditions. 

Removing CLAHE also results in a clear performance degradation, with the detection 
rate decreasing to 61%. This suggests that local contrast enhancement plays a significant role 
in enhancing micro-texture and edge cues that are important to the detector. In contrast, 
removing Adaptive Gamma Correction (AGC) does not significantly affect the detection rate 
or confidence score, but it causes a substantial increase in the NIQE value. This suggests that 
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AGC primarily contributes to stabilizing luminance distribution and perceptual quality rather 
than directly improving detection accuracy. 

Table 4. Ablation performance results 

Configuration 
Detection Rate 

(%) 
Confidence NIQE ↓ BRISQUE ↓ 

No Retinex 56 0.7206 467.576 4.443 

No AGC 90 0.9548 186.567 7.056 

No CLAHE 61 0.8201 97.719 5.915 

No Fusion 91 0.9557 153.201 6.964 

No Denoising 91 0.9563 8.528 7.655 

LUMEN (Full) 91 0.9545 45.656 6.856 

 

Figure 7. Face detection performance comparison across ablation against the ground-truth number of faces per image. 

Eliminating the fusion stage does not affect detection performance quantitatively; how-
ever, both NIQE and BRISQUE values increase. This confirms that fusion functions as a 
regularization mechanism to preserve naturalness and prevent artifacts caused by aggressive 
enhancement, rather than acting as a feature-strengthening component for detection. In the 
No Denoising configuration, both the detection rate and confidence remain high, while the 
NIQE score drops to an extremely low level. However, the increase in BRISQUE indicates 
that textures become rougher. This finding highlights that denoising is not critical for detec-
tion accuracy but plays an important role as a visual stabilizer, controlling residual noise and 
maintaining perceptual image quality. 

4.5.2. Visual Analysis of Ablation Configurations 

The visual analysis in Figure 8(a–f) provides insight into the functional role of each mod-
ule in the LUMEN pipeline. The full configuration (Figure 8(f)) exhibits balanced illumina-
tion, well-defined facial contours, and controlled noise levels, indicating an effective balance 
between enhancement strength and perceptual naturalness.  

Removing the Retinex module (Figure 8(a)) results in severe visual degradation, with a 
dark appearance and limited dynamic range that suppresses facial gradients. This explains the 
detection failures observed quantitatively and confirms that global illumination normalization 
is a fundamental component of LUMEN. Excluding AGC (Figure 8(b)) results in a less nat-
ural tonal distribution, with locally over-darkened or over-brightened regions, although facial 
structures remain recognizable. This indicates that AGC primarily contributes to luminance 
balancing and perceptual consistency rather than detection-critical enhancement. 
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Without CLAHE (Figure 8(c)), local contrast is noticeably reduced, particularly in fine 
facial textures, resulting in flatter and less distinct facial structures. This observation aligns 
with the reduced detection performance and highlights the importance of adaptive contrast 
enhancement for reinforcing facial micro-structures. Removing the fusion stage (Figure 8(d)) 
results in more aggressive enhancement and localized artifacts, thereby reducing visual natu-
ralness. This confirms fusion's role as a regularization mechanism that controls enhancement 
intensity and preserves coherence with the original image. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 8. Visual comparison of low-light face image enhancement ablation (a) no retinex; (b) no 
AGC; (c) no CLAHE; (d) no fusion; (e) no denoising; (f) full configuration (LUMEN) 

When denoising is excluded (Figure 8(e)), the global appearance remains comparable to 
the full configuration (Figure 8(f)); however, higher levels of high-frequency noise are clearly 
visible in shadowed background regions. While face detection performance remains largely 
unchanged between the two configurations, the full LUMEN pipeline in Figure 8(f) exhibits 
smoother textures and reduced noise artifacts. This difference is reflected in lower BRISQUE 
scores for the full configuration, confirming that denoising primarily contributes to perceptual 
stability rather than detection accuracy. Although its absence does not significantly affect face 
detection outcomes, denoising plays an important role in improving visual smoothness and 
practical usability for human-centered applications such as surveillance and monitoring. 

4.5.3. Discussion of Ablation Findings  

The ablation study results demonstrate that LUMEN's effectiveness does not rely on 
any single component, but rather on the synergistic interactions among its modules. Table 5 
summarizes the primary functional role of each component, the observed impact when re-
moved, and the corresponding interpretation, providing a concise overview of each stage's 
contribution within the pipeline. 
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Table 5. Summary of ablation findings and component contributions. 

Component Primary role in pipeline Impact when removed Interpretation 

Retinex 
Global illumination normali-
zation and dynamic range re-

covery 

Detection collapses; facial 
gradients fail to form 

Most critical component; 
foundational for all subse-
quent enhancement stages 

CLAHE 
Local contrast enhancement 
and micro-structure amplifi-

cation 

Significant drop in detection 
robustness; flat facial tex-

tures 

Essential for strengthening 
discriminative local facial 

features in low-light 

AGC 
Luminance redistribution 

and tonal balancing 

Minor impact on detection; 
perceptual inconsistency in-

creases 

Supports perceptual natural-
ness rather than direct detec-

tion accuracy 

Fusion 
Regularization of enhance-
ment intensity and artifact 

suppression 

Over-processed appearance; 
tonal imbalance 

Acts as a visual regularizer to 
prevent excessive enhance-

ment 

Denoising 
High-frequency noise sup-

pression and texture 
smoothing 

Detection unaffected; visual 
roughness increases 

Serves as a perceptual stabi-
lizer rather than a detection-

critical module 

 
Retinex emerges as the most essential component because it directly restores global illu-

mination and expands the image's dynamic range. When this module is removed, the pipeline 
loses its ability to form meaningful facial gradients, leading CNN-based detectors to fail to 
recognize facial structures consistently. This finding confirms that global illumination nor-
malization constitutes an absolute foundation for the entire enhancement process under low-
light conditions. CLAHE ranks second in importance, particularly for enhancing local con-
trast and reinforcing facial microstructures. Although removing CLAHE does not always re-
sult in total detection failure, the observed degradation in stability and visual quality indicates 
that adaptive contrast plays a critical role in improving the discriminability of facial features 
in low-light scenarios with weak textures. 

The AGC and fusion exert a stronger influence on perceptual quality than on detection 
accuracy. AGC stabilizes the luminance distribution to prevent regions from becoming ex-
cessively dark or bright, while fusion controls the aggressiveness of enhancement. As sum-
marized in Table 5, neither module directly increases the detection rate; however, both are 
crucial for maintaining visual naturalness and consistency in the enhanced output. The de-
noising module demonstrates a distinct characteristic. Quantitatively, its removal does not 
reduce detection performance; however, visually, it produces images with rougher textures 
and more pronounced high-frequency noise. This observation indicates that certain metrics, 
such as NIQE, may yield lower values due to sharpened micro-structures, yet do not neces-
sarily reflect superior visual quality. Consequently, denoising serves as an important visual 
stabilizer, enhancing perceptual comfort and practical acceptability in real-world applications. 

Overall, these ablation findings confirm that LUMEN's primary strength lies in the full 
integration of its components. No single module can completely substitute for another. Ret-
inex and CLAHE determine detection success, while AGC, fusion, and denoising ensure that 
the enhancement results remain natural, stable, and free from disturbing artifacts. This inte-
grated multi-stage approach positions LUMEN as a reliable, practical preprocessing solution 
for modern face detection systems operating under low-light conditions. 

5. Conclusions 

This study proposed LUMEN, a multi-stage image enhancement pipeline designed to 
address the challenges of face detection under low-light conditions. The pipeline integrates 
global illumination normalization (Retinex), adaptive gamma correction, local contrast en-
hancement (CLAHE), controlled fusion, and noise suppression to produce visually stable and 
detector-friendly images. The primary objective was to improve face detection reliability while 
preserving perceptual naturalness, which is often compromised by aggressive enhancement 
techniques. Experimental results demonstrate that LUMEN consistently improves face de-
tection performance, achieving a detection rate of 91% with a high average confidence score 
(0.9545) when evaluated using RetinaFace. Compared to raw images and baseline enhance-
ment methods such as HE and LIME, LUMEN provides more stable detection outcomes 
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while avoiding excessive noise amplification and color distortion. These findings directly sup-
port the research objective of balancing illumination enhancement with structural and per-
ceptual stability. 

Ablation experiments further reveal that LUMEN’s effectiveness arises from the syner-
gistic interaction of its components rather than any single module in isolation. Retinex and 
CLAHE are identified as the most critical stages for successful detection, as they restore 
global illumination and reinforce local facial structures. Meanwhile, adaptive gamma correc-
tion, fusion, and denoising primarily contribute to perceptual consistency and artifact sup-
pression, ensuring that enhancement remains natural and visually acceptable. This modular 
analysis highlights the importance of an integrated, multi-stage design for low-light prepro-
cessing. From a broader perspective, this work contributes to the field of low-light computer 
vision by demonstrating that carefully designed traditional enhancement pipelines remain 
highly competitive and practical for supporting modern deep-learning-based face detectors. 
LUMEN provides a model-agnostic preprocessing solution that can be readily applied to real-
world scenarios such as surveillance, access control, and outdoor monitoring under subopti-
mal lighting. 

Despite its effectiveness, this study has several limitations. The evaluation was conducted 
on a relatively small subset of low-light images, and experiments focused on a single face 
detection model. Future work may explore adaptive parameter tuning, validation on larger 
and multi-sensor datasets, integration with video-based enhancement, and hybrid approaches 
combining classical enhancement with learning-based or generative models. Extending LU-
MEN to multi-class object detection and real-time video processing also represents a prom-
ising direction. In conclusion, LUMEN offers a robust, balanced, and practical image en-
hancement pipeline for low-light face detection, demonstrating that multi-stage integration of 
illumination, contrast, and noise control is essential for achieving reliable detection perfor-
mance without sacrificing visual quality. 
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