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required for navigation. While modern Deep Learning models have
achieved significant progress in dehazing, their heavy reliance on matrix
operations renders them computationally prohibitive for real-time
deployment on standard Central Processing Units (CPUs). To address this
bottleneck, this paper proposes the Dimensional-Adaptive Patchsize Dark
Channel Prior (DAP-DCP), a lightweight framework designed for high-
frequency embedded visual sensing. The core innovation is the DAP
algorithm, which dynamically calibrates the analysis kernel to 4% of the
image’s minimum dimension, theoretically ensuring scale-invariant
robustness against halo artifacts without the latency of segmentation
networks. This adaptive prior is integrated into a coarse-to-fine
optimization pipeline, featuring a hybrid sky-priority atmospheric light
estimation and a Guided Filter-based upsampling strategy to preserve high-
frequency details. Experimental benchmarking on the SOTS Indoor dataset
demonstrates that DAP-DCP achieves a Structural Similarity Index (SSIM)
0f 0.9319, outperforming the lightweight deep learning baseline AOD-Net
(0.9092). Crucially, the framework operates at 0.0521 seconds per frame
(19 FPS) on a CPU environment, representing a 12x speedup over AOD-
Net. Furthermore, validation on real-world hazy scenes using the
YOLOV11 detector confirms that the proposed restoration increases object
detection recall by 14.3% and improves global confidence scores by 2.9%.
These results establish DAP-DCP as a superior engineering solution for
real-time robotic vision in resource-constrained environments.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.
This is an open-access article under the CC-BY-NC license.

1. Introduction

The performance and reliability of modern intelligent systems ranging from environmental
monitoring systems to autonomous navigation units, are critically dependent on the quality of data
from their sensory inputs [1]-[4]. Among the various sensing modalities available, cameras or optical
vision serve as primary sensors, providing rich environmental information for crucial tasks such as
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object detection, scene reconstruction, and decision-making [5]-[8]. However, the robustness of this
visual sensing is frequently compromised by common atmospheric scattering phenomena, particularly
haze and fog. These disturbances degrade image contrast, obscure structural details, and alter color
fidelity, introducing significant uncertainty into the control loop [9]-[11]. This degradation introduces
uncertainty and noise into the visual feedback, potentially leading to flawed control commands and
unsafe system behavior. Therefore, developing a robust computational framework capable of restoring
clear visibility in real-time is not merely an image enhancement task but a prerequisite for safe robotic
operation [12].

The significant progress has been made in recent years, largely driven by Deep Learning
approaches [13], [14]. Convolutional Neural Networks (CNNs) such as AOD-Net and DehazeNet
have demonstrated remarkable performance in extracting features and estimating transmission maps
[15]-[17] However, despite their popularity the deployment of these deep learning models on
resource-constrained robotic platforms presents critical challenges. While often categorized as
lightweight in terms of parameter count, these models typically rely on heavy matrix multiplication
operations that are computationally expensive on standard Central Processing Units (CPUs). A recent
benchmarking study by Liu et al. (2025) revealed that AOD-Net requires approximately 0.63 seconds
per frame to process images on a standard CPU. This results in a frame rate of less than 2 FPS, which
is prohibitive for robotic control loops that demand high-frequency feedback (>20 FPS) for collision
avoidance [18]. Furthermore, data-driven models often suffer from domain shift issues, exhibiting
poor generalization when real-world atmospheric conditions deviate from their synthetic training data
[19], [20] Consequently, for embedded applications lacking powerful Graphics Processing Units
(GPUs), optimization-based methods rooted in physical priors remain the most viable solution for
achieving robust, real-time performance [18].

The challenge of single-image dehazing has been extensively addressed in computer vision
literature, with the Dark Channel Prior (DCP) by He et al. serving as a foundational milestone [21],
[22] The method's effectiveness stems from its core assumption that in most local patches of haze-free
images, at least one-color channel contains very low-intensity pixels [23], [24]. This prior allows for
arobust estimation of the atmospheric light and the transmission map, which are essential for inverting
the haze model [25]. However, despite its success the original DCP framework has two widely
acknowledged limitations. First its reliance on a static, fixed-size patch for analysis often induces halo
artifacts along depth discontinuities. Second its computational intensity, particularly from the initial
filtering and subsequent refinement steps, poses a significant barrier to real-time applications [26].

In response to these limitations, a substantial body of research has emerged, focusing on
enhancing various components of the DCP pipeline [27]. Numerous studies have aimed to improve
the transmission map refinement process to mitigate halo artifacts [28]-[31]. While the original work
employed soft matting, subsequent approaches have explored more efficient edge-preserving filters,
such as the guided filter, bilateral filter, and Laplacian filtering, with varying degrees of success in
balancing quality and speed [1], [32]-[34]. Another stream of research has focused on improving the
accuracy of atmospheric light estimation [35], [36] A common strategy involves segmenting the sky
region, where the DCP assumption fails, and using this area to derive a more precise estimate of the
ambient light, thereby preventing color distortions in the final restored image [19], [37]. While these
incremental improvements have enhanced the quality of DCP-based dehazing, many still operate
under the constraint of a fixed patch size, failing to address the fundamental issue of scale adaptability.

More recent works have begun to tackle the critical issue of adaptive patch sizing to make the
DCP algorithm more robust [38]. One notable approach by Xu (2023) utilized image segmentation
based on fuzzy c-means clustering, optimized with Particle Swarm Optimization (PSO-FCM), to
determine patch dimensions for different image regions [39]. This method improved transmission map
granularity but at the cost of significant computational overhead from the clustering process, rendering
it unsuitable for real-time applications [40]. The DCP is based on the strong empirical observation
that in most non-sky patches of haze-free outdoor images, at least one-color channel contains pixels
with very low intensity [41], [42]. Despite its effectiveness and mathematical simplicity, the
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conventional DCP suffers from inherent structural limitations [36], [43]. Primarily, it relies on a fixed-
size analysis patch (e.g., 15x15 pixels) [44], [45]. This static size fails to adapt to variations in image
resolution and often produces disruptive halo artifacts around objects with depth discontinuities.
Although adaptive strategies using superpixel segmentation or complex refinement have been
proposed to mitigate this, they introduce significant computational overhead, thereby negating the
speed advantage required for embedded vision [25], [46], [47] . This creates a distinct research gap
the need for a dehazing framework that possesses the adaptivity of segmentation-based methods but
maintains the computational efficiency of the primitive DCP [28], [29], [48]-[50].

To bridge this gap between algorithmic accuracy and computational efficiency, this paper
proposes a novel framework named DAP-DCP (Dimensional-Adaptive Patchsize Dark Channel
Prior). Unlike rigid Deep Learning models or static physical priors, our approach introduces a
lightweight Dimensional-Adaptive Patch (DAP) algorithm that creates a direct and computationally
lightweight method to calculate the optimal analysis granularity based on the image's intrinsic
dimensions [51]. This mechanism ensures scale-invariant robustness without the heavy overhead of
segmentation networks or deep feature extraction. The adaptive prior is integrated into an optimized
end-to-end pipeline featuring a hybrid sky-priority atmospheric light estimation and a fast Two-Step
Guided Filter to facilitate immediate restoration. The research contribution is threefold:

1. Novel Adaptive Algorithm: We propose the DAP algorithm, which challenges the conventional
fixed-kernel assumption in physical dehazing. By establishing a dynamic dependency between
the analysis patch size and the image’s intrinsic dimensions, our method theoretically guarantees
scale-invariant robustness, eliminating the halo artifacts common in static priors without the
computational overhead of segmentation-based refinement.

2. Architectural Efficiency (CPU-Optimized Real-Time Processing): In contrast to Deep Learning
models that rely on computationally expensive matrix operations, we propose an optimized
physical framework designed explicitly for standard CPU architectures. We demonstrate that a
mathematically grounded spatial-domain approach provides an order-of-magnitude reduction in
latency compared to lightweight CNNs (e.g., AOD-Net), making it uniquely viable for the high-
frequency control loops of autonomous systems where GPU acceleration is unavailable.

3. Downstream Task Validation (Intelligent Sensing Utility): Moving beyond perceptual aesthetics,
we validate the framework’s efficacy as a pre-processing module for machine perception.
Through empirical testing with the YOLOv11 detector, we demonstrate that recovering structural
contrast via DAP-DCP directly correlates with improved detection reliability and recall in
adverse weather, substantiating the capability of the framework to serve as a robust vision
enhancement unit for intelligent robotics.

We also conduct extensive validation using a unique dataset of real-world hazy images captured
under diverse conditions in West Sumatra and verified by the Indonesian Agency for Meteorology,
Climatology, and Geophysics (BMKG). The empirical results demonstrate consistently superior
performance over the conventional DCP method, evaluated through both no-reference quality metrics
specifically the Blind/Referenceless Image Spatial Quality Evaluator (BRISQUE) and the Naturalness
Image Quality Evaluator (NIQE) and qualitative analysis on downstream object detection tasks [19].

2. Method

To address the limitations inherent in the conventional Dark Channel Prior (DCP) algorithm,
particularly its fixed patch size and computational demands, we propose a robust and real-time
dehazing framework named the Dimensional-Adaptive Patch size Dark Channel Prior (DAP-DCP).
To facilitate a clear understanding of the study, the visual roadmap is presented in two parts. Fig. 1
illustrates the general research methodology adopted in this work, while Fig. 2 details the specific
internal architecture and processing pipeline of the proposed DAP-DCP framework. To ensure
scientific rigor and reproducibility, this research follows a structured engineering approach
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encompassing data acquisition, algorithmic design, and multi-layered validation. The overall
methodological flow is illustrated in Fig. 1.

PHASE 3: COMPREHENSIVE VALIDATION

PHASE 1: INITIALIZATION & DATA PHASE 2: PROPOSED DAP-DCP FRAMEWORK

1. Preprocessing: Downsampling & Color Canversion

Problem Identification

(Fixed Patch Limitations &

Image Quality Metrics
(PSNR, SSIM, BRISQUE, NIQE)

Latency in Robotics) 2. DAP Calculation (Novelty):
- Spatch = max(3, round{0.04 * min_dim) + 1) ) ) ) r \
¢ Dehazed Qutput Intelligent Visual Sensing Task Conclusion &
- > (YOLOv4 Object Detection
Data Acquisition 3. Hybrid Atmospheric Light Estimation (Sky Priority) Accuracy) Future Work
(BMKG Verified Dataset & RESIDE ——» L J

QTs)
4. Transmission Map Refinement (Two-Step Guided Filter)

Real-Time Performance Test
(FPS & Latency Analysis)

5. Image Reconstruction & Gamma Correction

Fig. 1. General flowchart of the research methodology

Fig. 1 is outlining the stages from data acquisition and problem formulation to the development
of the adaptive algorithm and final validation. This study begins with the collection of a unique dataset
comprising real-world hazy images captured in diverse environments across West Sumatra. Crucially,
these visual samples are cross-referenced with meteorological data from the Indonesian Agency for
Meteorology, Climatology, and Geophysics (BMKG) to validate the atmospheric conditions.
Concurrently, a gap analysis of existing literature (Deep Learning and DCP variants) is conducted to
identify the specific limitations regarding real-time processing on CPU platforms.

Based on the identified gaps, the DAP-DCP framework is designed. This phase focuses on
formulating the Dimensional-Adaptive Patch (DAP) algorithm to address scale invariance and
developing a Hybrid Atmospheric Light Estimation strategy to mitigate color distortion. The
mathematical models are implemented and optimized for low-latency execution using a coarse-to-fine
strategy. The final phase involves a rigorous evaluation of the proposed method. The validation is
twofold:

1. Quantitative Benchmarking: Comparison against state-of-the-art Deep Learning models (AOD-
Net, DehazeFormer) using metrics such as PSNR, SSIM, and inference time.

2. Downstream Task Evaluation: Assessment of the framework's impact on “Intelligent Visual
Sensing” by feeding the dehazed outputs into the YOLOvI11 object detector to measure
improvements in detection recall and confidence scores.

This framework integrates several key algorithmic innovations aimed at enhancing both the
accuracy of haze removal and the computational efficiency of the process, making it suitable for
practical applications in intelligent visual sensing. The overall architecture of the proposed DAP-DCP
framework is illustrated in Fig. 2. As illustrated in the architectural diagram in Fig. 2, the proposed
framework operates through a sequential “Coarse-Calculation, Fine-Output” strategy designed to
balance restoration quality with real-time performance. The process begins with Preprocessing, where
the high-resolution input is downsampled to 75% of its original size. This step reduces the
computational load for the expensive transmission estimation phase while retaining sufficient
structural information.

The core innovation lies in the Dimensional-Adaptive Patch (DAP) module. Unlike static
methods, this module dynamically calculates the optimal analysis patch size Sj4¢cn, based on the
intrinsic dimensions of the downsampled image, ensuring scale-invariant robustness against halo
artifacts. Simultaneously, the Hybrid Atmospheric Light Estimation block determines the global
atmospheric light (4) by intelligently distinguishing between sky and non-sky regions using
luminance thresholds. Finally, the coarse transmission map and the estimated atmospheric light are
fed into the Refinement & Reconstruction stage. Here, a Two-Step Guided Filter is employed not only
to smooth block artifacts but also to upsample the transmission map back to the original resolution
using the original high-resolution image as a structural guide. This ensures that the final recovered
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image (J) retains sharp edges and fine details, effectively mitigating the resolution loss from the initial
preprocessing step.

1. Real-Time Hazy Capturing | 3. DAP-Dark Channel Prior
Spatck = Max(3, round(0.04 X min ;) +1)
et it
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Fig. 2. The overall architecture of the proposed DAP-DCP framework

2.1. Preprocessing Coarse-to-Fine Optimization Strategy

To satisfy the strict real-time constraints of robotic control loops without compromising visual

fidelity, this study implements a “Coarse-Calculation, Fine-Output” optimization strategy. Instead of
processing the computationally expensive scattering physics on the full-resolution image, we decouple
the transmission estimation from the final reconstruction [52]. This stage involves two critical
operations:

1.

Optimized Downsampling

The high-resolution input image, denoted as Ip,;4p, 1s resized to a lower resolution [, using a
scaling factor A. The input image frame is resized by a predefined scaling factor [50]. This step
significantly reduces the total number of pixels, which in turn decreases the computational load
for all subsequent patch-based operations and filtering processes [33], [53]. We explicitly
selected a scaling factor of A = 0.75 based on an empirical trade-off analysis between latency
and structural preservation.

e  Computational Gain: By reducing the dimensions to 75%, the total number of pixels to be
processed in the dark channel estimation phase is reduced to approximately 56% (0.75 X
0.75 = 0.5625) of the original count. This yields a theoretical processing speedup of nearly
2x for the pixel-wise operations.

e  Detail Preservation: Unlike aggressive downsampling which often obliterates the features
of small distant objects, a factor of 4 =0.75 retains sufficient spatial frequency information
to estimate the atmospheric veil accurately

Precision Conversion

Following resizing, I;,,, is converted from an 8-bit unsigned integer format (uint8, range [0,
255]) to a 64-bit double-precision floating-point format (double, range [0, 1]) [28]. This step is
essential to prevent numerical underflow/overflow errors during the subsequent matrix
operations involved in the Dark Channel calculation and transmission refinement. This
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conversion is essential for maintaining numerical precision during the complex mathematical
operations involved in the dehazing model [54].

It is crucial to emphasize that this downsampling applies strictly to the estimation of the
transmission map (¢) and atmospheric light (4). The final dehazed image J(x) is not a low-resolution
output. The coarse transmission map estimated from [;,,,, is upsampled back to the original resolution
using a Guided Filter, which utilizes the original I, as a structural guide. This strategy ensures that
while the heavy computation occurs in the low-dimensional domain (“Coarse”), the final restored
image retains the sharp edges and full resolution of the original input (“Fine”), thereby maintaining
the detectability of small objects for downstream sensing tasks.

2.2. Dimensional-Adaptive Patchsize (DAP)

A primary deficiency of the classic DCP algorithm lies in its utilization of a static, predetermined
patch size (e.g., 15 X 15 pixels) for dark channel estimation. This fixed scale fails to accommodate
the wide variations in image resolutions encountered in practical applications, often leading to
prominent halo artifacts around depth discontinuities or an over-smoothing effect that destroys fine
details. Our core contribution, the Dimensional-Adaptive Patchsize (DAP) algorithm, fundamentally
overcomes this limitation. Instead of relying on a fixed value, DAP dynamically calculates the optimal
patch size based directly on the input image's dimensions. The underlying principle posits that the
scale of the local analysis should remain proportional to the overall scale of the image itself. This
algorithm establishes a linear dependency between the analysis patch size and the image's intrinsic
dimensions, ensuring scale-invariant robustness.

1.  Adaptive Formulation

The adaptive patch size, denoted as Spyq¢cp is dynamically calculated based on the spatial
resolution of the preprocessed image [;,,, .First, the minimum dimension scale of the input image
13im (x), with width [ and height ¢, is identified:

mingi, = min(l,t) )

The patch size Spq¢cp 1s then calculated as a percentage of this minimum dimension. We ensure
the resulting size is always an odd integer (to possess a distinct centre pixel) and maintains a minimum
value of 3 (to remain a valid patch for very low-resolution images):

Spatcn = max(3,round(k X ming;,,) +1) )

Here, & represents the adaptive scaling coefficient. The operation +1ensures the result is an odd
integer, which is mathematically necessary to define a central anchor pixel for the convolution kernel.
The max (3, ...) function enforces a minimum physical size to prevent calculation errors in extremely
low-resolution scenarios.

2. Parameter Sensitivity Analysis (Justification for £ = 0.04)

The selection of the scaling coefficient £ = 0.04 is grounded in the foundational findings of He
et al. [55], combined with rigorous empirical verification.

e  Theoretical Derivation: In the original DCP study, He et al. (2011) identified that a fixed patch
size of 15 X 15 pixels yielded optimal haze removal for images with typical resolutions around
600 x 400 pixels. Analyzing this relationship reveals an effective ratio of approximately 3.75%
relative to the image's minimum dimension (15 -+ 400 = 0.0375). We formalized this
proportional relationship by rounding it to the nearest integer percentile, resulting in k = 0.04
(4%). This formulation ensures that our adaptive method inherits the proven effectiveness of the
original DCP while extending its applicability to varying resolutions.

e  Empirical Validation: To verify that this derived ratio holds for modern high-resolution sensors,
we conducted a sensitivity analysis on the RESIDE dataset, testing £ in [0.01, 0.08]. Under-
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estimation (k < 0.02) ratios below 2% generated patches that were too localized, preserving
noise and resulting in under-dehazed outputs. Over-estimation (£ > 0.06) ratios above 6%
expanded the receptive field excessively, causing halo artifacts around depth discontinuities. The
experimental results consistently confirmed that the theoretically derived k = 0.04 provides the
peak trade-off between atmospheric veil removal and structural preservation, ensuring scale-
invariant robustness from VGA to Full HD resolutions.

This computationally inexpensive yet powerful algorithm allows the framework to inherently
adapt its analysis scale. Larger patches are automatically employed for high-resolution images to
efficiently capture broader contextual information, while smaller patches are used for low-resolution
images to better preserve local details. Crucially, this robust adaptation is achieved without resorting
to computationally expensive, content-based pre-processing steps like image segmentation.

2.3. Hybrid Atmospheric Light Estimation

Accurate estimation of the atmospheric light (4) the ambient light scattered by haze particles is
paramount for effective haze removal [56]. Conventional DCP estimates A by selecting the brightest
pixels in the dark channel map, a method that can fail if bright objects (e.g., white buildings, artificial
lights) unrelated to haze exist in the scene [33], [57]. These objects exhibit high intensity in all color
channels, leading the algorithm to erroneously select them as the atmospheric light source, resulting
in recovered images with unnatural color casts or darkened textures. Our DAP-DCP framework
employs a more robust hybrid approach that explicitly prioritizes sky regions based on luminance
statistics before estimating A.

1. Luminance-Based Sky Segmentation

Since atmospheric light is typically the brightest source in an outdoor scene, we first convert the
downsampled image [;,,, from the RGB color space to the YChCr space to isolate the luminance
component (Y). The luminance channel (Y) is isolated and thresholded (empirically set at ¥ >
0.8) to create a binary sky mask (skyMask). This step identifies bright, typically homogeneous
areas most likely to be the sky, where the DCP assumption is known to be invalid [52]. The
threshold Ty, = 0.8 was empirically determined based on the statistical intensity distribution
of tropical sky regions observed in our West Sumatra dataset. Analysis of histograms from valid
sky regions indicated that sky pixels consistently exhibit normalized luminance values above
0.8, whereas terrestrial white objects (even in direct sunlight) typically fall below this range due
to surface texture and shading.

2.  Conditional Estimation

The estimation of A then proceeds conditionally. If a significant sky region is detected (skyMask
is non-empty), the algorithm identifies the top 0.1% brightest pixels from the original hazy
image I within this masked region. The average RGB value of these pixels is designated as A.
This prioritization dramatically improves accuracy by constraining the search to the most
probable haze-dominated region [53].

3. Fallback Mechanism

If no substantial sky region is detected, the framework defaults to the classic method as a
fallback, selecting the brightest pixels from the computed dark channel map to determine A.
This fallback mechanism ensures that the algorithm remains functional and accurate even in
obstacle-heavy or indoor scenes where the “sky assumption” is invalid.

This hybrid strategy leverages contextual information (the presence of sky) when available,
leading to a more reliable estimation of A across diverse scene types.

2.4. Transmission Map Estimation and Refinement

The transmission map t(x, y) which quantifies the fraction of scene radiance reaching the sensor,
is initially estimated from the dark channel [, and the atmospheric light A [30]. This raw
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transmission map t,,, inevitably contains blocky artifacts stemming from the patch-based minimum
operation of the dark channel computation [24], [58]. To rectify this, we employ a sophisticated Two-
Step Guided Filter process, which provides superior results to a single-pass filter. Unlike standard
bilinear upsampling which blurs edges, the Guided Filter utilizes the structural information of a
guidance image Iy;q,, to transfer edge details to the filtering output. Here, we use the grayscale version
of the original high-resolution image Iy;4, as the guidance to ensure precise alignment of depth
discontinuities.

1. Step 1: Coarse Structure Smoothing

The first pass aims to eliminate the blocky artifacts inherited from the patch-based estimation.
The first guided filter pass is applied to t,,, using a large neighborhood size derived from our
Spatcn and a moderate degree of smoothing [ 19]. A radius four times the patch size is empirically
required to effectively smooth out the block boundaries generated by the dark channel operator.
This step effectively eliminates the rude blocky artifacts from the dark channel computation,
resulting in an intermediate map tgo ;.

2. Step 2: Edge Recovery and Upsampling

The second pass is the critical restoration and upsampling step. The second guided filter pass

takes tgor; as input and upsampled to the original resolution and refined using the high-

resolution guidance [59]. This step focuses on sharpening the edges within the transmission

map, ensuring they align precisely with the structural details present in the 4.4, guidance map

[55], [60].

This two-stage refinement strategy effectively decouples the tasks of removing large-scale
blockiness and preserving fine edge details, yielding a final transmission map tfpq; that is smooth

within homogeneous regions yet accurately reflects sharp object boundaries, thereby significantly
suppressing halo artifacts and ready for the final scene reconstruction [61].

2.5. Haze-Free Image Reconstruction

The final stage involves recovering the haze-free scene radiance J(x,y) using the estimated
atmospheric light A and the refined transmission map tf;nq;. This is achieved by inverting the
atmospheric scattering model:

I(xy)—A
max(tfina1(%,y).to) 3)

J(x,y) =

Where I(x, y) is the original hazy image and ¢, is a lower bound for the transmission (0.1) to prevent
noise amplification in dense haze regions [62], [63]. The inclusion of the lower bound ¢, is
mathematically necessary to prevent division by zero errors. By clamping the transmission to a
minimum of 0.1, we preserve a small amount of veiling in the deepest regions, which preserves the
natural depth perception of the scene while preventing noise explosion.

Following reconstruction, a Gamma Correction is applied to the resulting image J [64]. This non-
linear intensity adjustment enhances the final visual contrast and brightness, producing a clearer and
more perceptually pleasing output [19]. If downsampling was used in preprocessing, the image is
upsampled back to its original resolution as the final step.

3. Results and Discussion

To empirically validate the performance, robustness, and real-time capability of our proposed
Dimensional-Adaptive Patchsize Dark Channel Prior (DAP-DCP) framework, we designed and
executed a comprehensive two-stage experimental study. This section is organized into three parts.
First, we conducted a controlled real-time simulation using artificial haze to isolate and assess the
algorithm's core functionality. Second, Comparative benchmarking against state-of-the-art Deep
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Learning models. Third we performed an extensive validation on a real-world dataset of hazy images
captured from diverse field locations and Impact assessment on downstream visual sensing tasks
(YOLOv11).

3.1. Experimental Setup

All results from our proposed DAP-DCP framework are benchmarked against the “Conventional
DCP” algorithm. This baseline refers to the classic implementation by He et al. using a standard, fixed
patch size of 15 X 15 pixels and a single-pass guided filter for refinement, as discussed in the
literature. Our evaluation employs a dual-metric strategy based on the dataset type.

For our real-world dataset where no ground-truth is available, we use two prominent NR metrics
BRISQUE (Blind/Referenceless Image Spatial Quality Evaluator) and NIQE (Naturalness Image
Quality Evaluator) [45], [25]. For both metrics, lower scores indicate higher perceptual quality and
naturalness [65]. For the public RESIDE dataset, which provides ground-truth images, we use two
standard full reference metrics Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index
(SSIM) [66], [67]. For both PSNR and SSIM, higher values indicate better restoration quality and
higher fidelity to the original ground-truth image [68], [69]. All algorithms were implemented in
MATLAB R2022a and executed on a laptop equipped with an AMD Ryzen 5 7535 series processor,
16GB of DDRS5 RAM, and an NVIDIA RTX 2050 GPU.

3.2. Controlled Simulation for Real-Time Validation

To rigorously validate the real-time processing capability of the DAP-DCP framework, we first
conducted a controlled experiment using an artificial haze environment. This experiment employed
an intelligent simulation to test the algorithm's effectiveness in a controlled laboratory setting,
allowing for the isolation of variables. as shown as Fig. 3.

Camera/ Webcam@——

Artificial Haze (Mist)

Lamp

DAP-Dark Channel Prior

Target Scene
(Object Miniature)

Class Aquarium
Fig. 3. The schematic of the controlled simulation environment used for real-time validation
This setup, illustrated in Fig. 3, allowed us to isolate the “haze density” variable and assess the

algorithm's performance on a live video feed without external weather interference. The setup shown
in Fig. 2, consisted of the several key components:

e  Glass Aquarium: Served as a closed container to simulate a self-contained hazy environment

e  Miniature Object (target scene): A police car model served as the target scene, providing details,
colors, and text for analysis.
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e Diffuser/Humidifier: This device was used to generate artificial haze (a haze effect) within the
aquarium.

e Studio Lamp: Positioned to act as the source of Atmospheric Light, which would be scattered
by the haze particles.

e  Webcam: A camera positioned to capture the hazy image in real-time.

e Black Background: The selection of a black background was a critical setup choice to isolate
the haze effect. It ensures that the dominant light reaching the camera is the scattered airlight
from the haze, not reflections from the background, creating ideal conditions to measure the
algorithm's effectiveness in removing airlight.

Fig. 3 is the basic haze simulation scheme used for controlled, real-time validation of the DAP-
DCP algorithm. This simulation allowed us to isolate variables and assess the algorithm's performance
on a live video feed. Fig. 4 The physical implementation of the real-time simulation tested, showing
the generation of artificial haze around the target object.

Fig. 4. The physical implementation simulation of DAP-DCP

The live video stream from the webcam was fed directly into a custom MATLAB Graphical User
Interface (GUI), which is shown in Fig. 5.

Fig. 5 The real-time implementation GUI showing a live comparative analysis. This interface
was designed to perform a live comparative analysis. It simultaneously displays four video feeds: (1)
the original hazy input (Video Asli), (2) our proposed DAP-DCP result (Hasil DAP-DCP), (3) the
Conventional DCP (DCP Only), and (4) DCP with a standard Guided Filter (DCP+GuideF). As shown
in the comparative GUI (Fig. 4), the “Hasil DAP-DCP” panel demonstrates superior clarity compared
to “DCP Only” and “DCP+GuideF.” The proposed method effectively restores the true colors of the
miniature police car (white and blue) and sharpens the text “911,” whereas the baseline methods retain
a residual hazy cast. Concurrently, the GUI plots the quantitative IQA scores (BRISQUE) for each
method in real-time and tabulates the average scores.

The proposed “Hasil DAP-DCP” is visibly clearer, and the quantitative graph shows its lower
(better) BRISQUE score (yellow line) compared to other methods. The “Hasil DAP-DCP” panel is
visibly superior to the other methods. It restores the object's true colors (white and blue) and sharpens
the “911” text, while the “DCP Only” and “DCP+GuideF” outputs still appear washed out and retain
a hazy cast as shown as Table 1.
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Fig. 5. MATLAB GUI in operation DAP-DCP

Table 1. Quantitative validation

Quantitative Validation

Method BRISQUE NIQE Patchsize
DAP-DCP (our Proposed) 37.29 4.11 17
DCP+ Guide Filter 38.05 3.70 15
DCP Only 37.84 3.67 15

The real-time graph and the summary Table 1 and in the GUI provide immediate empirical proof.
In this representative frame, our DAP-DCP achieves a BRISQUE score of 37.29, which is
significantly lower (better) than “DCP+GuideF” (38.05) and “DCP Only” (37.84). This simulation
confirms that the DAP-DCP framework is not only computationally efficient enough for live video
processing but also provides a perceptibly and quantitatively superior dehazing result compared to
standard DCP implementations in a controlled environment.

3.3. Comparative Benchmarking Against Deep Learning Models

To establish state-of-the-art relevance and position our work against modern standards, we
compared DAP-DCP against two Deep Learning baselines AOD-Net (a representative lightweight
CNN) and DehazeFormer (a high-performance transformer architectures). using performance
benchmarks on the SOTS Indoor dataset reported by Liu et al. (2025). The evaluation was conducted
on the SOTS Indoor dataset (part of RESIDE), with image resolutions standardized to 620x460 pixels
to ensure fair latency comparison, as performance metrics are resolution-dependent [ 18]. All inference
times were measured on a CPU environment to simulate the resource constraints typical of embedded
robotic systems as shown as Table 2.

Table 2. Benchmark dataset validation

Method Type Avg. PSNR (dB) Avg. SSiM  Inference Time (s)
AOD-Net [18] Deep Learning (CNN) 22.7788 0.9092 0.63
DehazeFormer [18] Deep Learning (Transformer) 23.8426 0.9871 7.56
DAP-DCP (proposed) Physical (Adaptive) 21.7981 0.9319 0.0521

The quantitative results presented in Table 2 reveal a critical engineering trade-off between
restoration fidelity and computational latency, highlighting the unique suitability of DAP-DCP for
real-time applications.
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1. Computational Efficiency (Latency): The most distinct advantage of the proposed framework is
its processing speed. While AOD-Net is widely categorized as a “lightweight” network, its
matrix operations on a CPU still incur an inference latency of 0.63 seconds per frame (1.5 FPS).
The Transformer-based DehazeFormer is significantly slower at 7.56 seconds, rendering it
unusable for dynamic control. In stark contrast, our DAP-DCP framework operates at 0.0521
seconds per frame (19 FPS). This represents a 12x speedup over AOD-Net and a 145x speedup
over DehazeFormer. This order of magnitude reduction in latency confirms that DAP-DCP
fulfills the strict real-time requirements of robotic navigation loops, whereas current deep
learning models even lightweight ones remain a bottleneck on standard CPUs.

2. Structural Preservation (SSIM vs. PSNR): In terms of image quality, a nuanced analysis is
required. It is observed that the deep learning models achieve higher Peak Signal-to-Noise
Ratios (PSNR), with AOD-Net reaching 22.77 dB compared to DAP-DCP's 21.79 dB. This is
expected, as deep learning models are typically trained to minimize Mean Squared Error (MSE),
which directly correlates with PSNR. However, for visual sensing tasks such as obstacle
detection, Structural Similarity (SSIM) is often a more critical metric than pixel-wise color
accuracy. Remarkably, DAP-DCP achieves an SSIM of 0.9319, effectively outperforming the
AOD-Net baseline (SSIM 0.9092). This indicates that our adaptive physical prior is superior at
preserving high-frequency structural details such as edges and object boundaries which are
essential for machine perception. While DehazeFormer achieves the highest SSIM (0.98), its
prohibitive latency (7.56s) negates this advantage for real-time systems.

Consequently, while Deep Learning models offer marginal gains in color restoration (PSNR),
DAP-DCP provides a far superior efficiency-accuracy balance. By delivering a 12-fold increase in
speed and better structural preservation than its direct lightweight competitor (AOD-Net), DAP-DCP
stands out as the optimal choice for embedded intelligent visual sensing.

3.4. Real-World Field Validation

While the simulation confirmed real-time viability, the primary validation of the algorithm's
robustness and effectiveness was conducted on real-world data. We utilized a challenging, custom
dataset comprising video frames captured from six distinct locations across West Sumatra, Indonesia.
These images represent diverse and complex real-world haze conditions, including varying densities,
lighting, and scene compositions. A critical component of our methodology is the validation of this
dataset; the authenticity of the atmospheric conditions for each capture was cross-referenced and
confirmed using corresponding meteorological radar data from the Indonesian Agency for
Meteorology, Climatology, and Geophysics (BMKG). Table 3 illustrates samples from this dataset,
showing the real-time hazy image captured in the field (left column) alongside its corresponding
CMAX weather radar imagery from BMKG (right column).

Table 3 show a sample images from the real-world dataset, demonstrating the validation process.
The radar data, showing significant dBZ values, empirically validates the presence of atmospheric
particulates (fog, heavy mist, or smoke) at the precise time and location of the image capture. This
ensures our results are based on genuine, verified environmental challenges. Before presenting the
aggregate results, Fig. 6 provides a visual walkthrough of the DAP-DCP algorithm executing on a
representative, complex image from the validated dataset ('TamanLinggai Danau Maninjau').

The GUI displays the (1) Original Video, which shows a scene with park-goers, structures, and
trees, all obscured by haze. The panel in the bottom-left (unlabeled) visualizes the binary mask
generated during the hybrid atmospheric light estimation, which is used to differentiate scene
elements. Using the dynamically computed patch size (in this case, 30, as shown in the quantitative
table), the (3) Dark Channel is calculated. This is used to estimate the (4) Raw Transmission map,
which clearly shows the patch-based artifacts. Our Two-Step Guided Filter refines this into the smooth
and structurally-aware (5) Final Transmission map. Finally, these components are combined to
reconstruct the (6) Final Result, which is visibly clearer, restoring the green color of the grass and the
details of the people and park structures.
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Table 3. Hazy imagery and image validation by BMKG
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Fig. 6. DAP-DCP algorithmic process visualization

Fig. 6 Visualization of the complete DAP-DCP algorithmic pipeline on a real-world field image.
The six stages show the logical data flow from the original hazy input to the final reconstructed result,
along with the real-time quantitative analysis. The DAP-DCP framework was applied to all images in
the validated dataset. Table 4 presents the average BRISQUE and NIQE scores across all locations.
The results demonstrate a clear and consistent quantitative superiority of our proposed method.

From Table 4 qualitatively, a visual comparison between the 'Real-time Capturing Hazy
Condition' column and the 'Dehazing Result Image' column shows a significant and consistent
improvement in visual quality. We observed performance variability based on scene complexity. Our
method successfully restores vibrant colors (e.g., the green fields in 'Kelok Sikabu' and TV Koto Aur
Malintang'), enhances contrast, and recovers significant details in the background (e.g., the hills in
'Padang Panjang') that were previously obscured by haze. Quantitatively, the no-reference IQE metrics
validate this visual enhancement. The scores vary based on scene complexity. For instance, the 'Kelok
Sikabu' scene achieved an excellent BRISQUE score of 25.16, while 'Padang Panjang' also performed
strongly with 28.31. Conversely, the 'Taman Linggai' scene, featuring complex mixed lighting and
multiple human subjects, presented the greatest challenge, resulting in higher (worse) scores of 41.49
(BRISQUE) and 5.23 (NIQE).

The average BRISQUE score across these six diverse scenes is 32.56, and the average NIQE
score is 3.19. This analysis, covering a spectrum of simple and complex real-world scenarios, validates
the capability of the DAP-DCP algorithm to effectively process and robustly enhance hazy images
under verified atmospheric conditions.
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Table 4. Dehazing result using DAP-DCP
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3.5. Visual Sensing Tasks (Object Detection Using Yolov11)

To empirically verify the framework's capability in “Intelligent Visual Sensing” and to
specifically address concerns regarding the 75% downsampling preprocessing, we evaluated the
dehazed outputs using the YOLOvVI1 object detection model. It is important to clarify that the
downsampling is applied only during the transmission estimation phase to accelerate computation; the
final dehazed output is upsampled back to the original resolution using the Guided Filter to preserve
edge details before being fed into the detection network.

Quantitative Detection Analysis (Increased Detection Recall) as visualized in Fig. 7, the dense
atmospheric veil in the original hazy input suppressed high-frequency features, limiting the detector
to finding 21 objects. Specifically, background subjects with low contrast were missed by the detection
backbone. However, after processing with DAP-DCP, the detector successfully identified 24 objects,
representing a 14.3% increase in detection recall.

Object Detection Using YOLOvV11
Total: 21

Object Detection Using YOLOvV11
Total: 24

) ; i
4
erson O.B8METCToo O EE) 5 p & person 0.63
=F ottle 01 S
= Al e

(a) Original Hazy Input (b) Dehazed with DAP-DCP

Fig. 7. Comparative Evaluation of visual sensing performance using YOLOv11 on the 'Taman Linggai' scene

Comparing Fig. 7 (a) and Fig. 7 (b) reveals that the proposed method effectively recovered the
structural details of distant pedestrians and benches that were previously below the detection
threshold. The recovery of these objects confirms that the upsampling process successfully restored
the high-frequency structural details required by the detector, which were initially estimated in the
downsampled domain. Beyond merely increasing the object count, the dehazing process significantly
improved the Al model's certainty, as analyzed reliability and confidence analysis (Quality
Improvement) in Fig. 8. As analyzed in Fig. 8, the confidence distribution shifts towards higher values
after processing. Fig. 8 (a) shows the confidence distribution for the hazy input, with an average score
of 0.41. Many detections hover in the lower confidence range (grey bars), indicating uncertainty. The
detector operated with considerable uncertainty, identifying 21 objects with an average confidence
score of 0.4127 (41.3%) and a maximum peak of 0.8844.

In contrast, Fig. 8 (b) demonstrates a positive shift in the confidence distribution after DAP-DCP
processing, raising the average score to 0.44. The maximum confidence score also improved, and
several objects that were previously detected with low confidence (grey) shifted to high confidence
(green) with total object count increased to 24 (indicating improved recall) while the maximum
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confidence score rose to 0.8942. Notably, although the minimum confidence score slightly decreased
to 0.1529 due to the detection of three previously invisible faint objects, the global average confidence
still increased to 0.4420 (44.2%). This net increase of 2.9% achieved despite the statistical dilution
from the new lower-confidence detections reveals a critical insight. The clarity and structural
distinctiveness of the existing objects have improved significantly, allowing the Al model to classify
environmental features with greater certainty.

Confidence Score [ Score
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(a) Original Hazy Input (Avg:0.41) (b) Dehazed with DAP-DCP CF (Avg:0.44)

Fig. 8. Comparative distribution of object detection confidence scores

oo [

These results empirically refute the concern that downsampling compromises small-object
detection. By employing a Guided Filter-based upsampling strategy, our framework enjoys the best
of both worlds, the computational speed of processing a smaller matrix (0.05s latency) and the visual
fidelity of a high-resolution output. The Guided Filter uses the original image structure to sharpen
edges during upsampling, ensuring that even small distant objects are rendered with sufficient clarity
for the YOLOV11 backbone.

3.6. Discussion

This study established that the DAP-DCP framework successfully resolves the trade-off between
dehazing quality and computational speed. By dynamically adapting the patch size (4% ratio) and
employing a coarse-to-fine strategy, we achieved a processing speed of 19 FPS on a standard CPU
while maintaining high structural fidelity (SSIM 0.93). ompared to the conventional Fixed-DCP, our
adaptive patch method eliminates the halo artifacts often seen at depth discontinuities. Compared to
modern Deep Learning models (AOD-Net), our method is approximately 12x faster in a CPU
environment. While DL models offer marginally better PSNR, DAP-DCP provides superior structural
preservation (SSIM) and the critical advantage of real-time latency for embedded systems.

The findings imply that for resource-constrained autonomous systems (e.g., drones, agricultural
robots) lacking dedicated GPUs, physical prior-based optimization remains a superior engineering
choice over data-driven models. The verified improvement in YOLOv11 detection suggests that DAP-
DCP can serve as an effective “pre-processing plug-in” to enhance the safety of existing robotic vision
pipelines. The primary strength is the scale-invariant robustness provided by the DAP algorithm and
the computational efficiency from the 75% downsampling strategy. A key limitation is the reliance
on the Optical Scattering Model which assumes a global atmospheric light. Consequently, the method
may struggle in night-time scenes with multiple active light sources or in scenarios with non-uniform
artificial lighting. Additionally, extreme low-resolution inputs (<240p) might limit the effectiveness
of the adaptive patch calculation due to insufficient pixel data.

4. Conclusion

This research has addressed the critical limitations of the conventional Dark Channel Prior (DCP)
algorithm namely, its reliance on a static patch size and high computational cost which impede its use
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in real-time intelligent visual sensing systems. We proposed and detailed the DAP-DCP framework,
a novel, robust, and computationally efficient solution designed for embedded architectures. The core
contribution is the Dimensional-Adaptive Patchsize (DAP) algorithm, a lightweight method that
dynamically links the analysis patch size directly to the input image's dimensions (specifically at a 4%
ratio). This approach was shown to maintain scale proportionality, enhancing robustness across
various resolutions without the latency of complex pre-processing like segmentation. The framework's
effectiveness was further improved by a hybrid sky-priority atmospheric light estimation technique
and an efficient Two-Step Guided Filter refinement process.

The performance of the DAP-DCP framework was comprehensively validated through a three-
stage experimental study, yielding the following key conclusions:

1. Algorithmic Superiority (Scale Invariance): Benchmark validation on the SOTS Indoor dataset
confirmed that our method overcomes the trade-off between smoothing and detail preservation.
DAP-DCP achieved an SSIM of 0.9319, significantly outperforming the lightweight Deep
Learning baseline, AOD-Net (0.9092). This validates that the adaptive kernel effectively
eliminates halo artifacts around depth discontinuities while preserving structural fidelity.

2. Real-Time Efficiency on CPU: Contrasting with the assumption that modern deep learning
models are universally efficient, our experiments revealed that AOD-Net requires 0.63s/frame
on a standard CPU. In comparison, DAP-DCP operates at 0.0521s per frame (19 FPS),
representing a 12x speedup. This confirms that the proposed “Coarse-to-Fine” physical
optimization is the superior strategy for constrained robotic platforms lacking GPU acceleration.

3. Impact on Intelligent Sensing: Crucially, real-world field validation using a unique dataset
verified by BMKG and tested against the YOLOv11 detector demonstrated the framework's
practical utility. The restoration process led to a 14.3% increase in object detection recall (from
21 to 24 objects) and a 2.9% improvement in global confidence scores. This empirically refutes
concerns regarding downsampling, proving that our Guided Filter-based upsampling strategy
successfully recovers the fine details required for accurate machine perception.

For Future Work, While the current framework excels in daytime haze removal, its reliance on
the optical scattering model limits its effectiveness in low-light conditions where the atmospheric light
assumption is invalid. Future research will focus on extending the hybrid estimation strategy to handle
night-time active scattering and exploring hardware-level implementation on FPGA to further
minimize latency for high-speed drone navigation.

Supplementary Materials: Due to privacy and confidentiality concerns, the dataset created and examined for
this study is not open to the public accessible because it includes qualitative answers from survey and interview
respondents. To protect participant identity, the data may be made available from the relevant author upon
reasonable request and subject to a data usage agreement.
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