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Abstract: Image restoration is essential for computer vision and medical imaging yet faces challenges
from complex degradations, motivating the need for unified multitask frameworks that handle diverse
tasks simultaneously. This paper proposed an adaptive radial basis function (RBF) framework designed
to achieve high-fidelity restoration across super-resolution, inpainting, denoising, deraining, dehazing,
and deshadowing. The method employed Fourier decomposition for spectral feature extraction,
an improved random walk algorithm for offline optimal shape parameter labeling,and an Adaptive
Moment Estimation-optimized Back Propagation neural network (Adam-BP) for online prediction of
the multiquadric shape parameter c,p,.. A key contribution was the degradation-aware spectral selection
mechanism, which automatically adapted RBF kernel sharpness based on frequency content, enabling
sharper kernels for resolution-critical tasks and smoother kernels for noise-dominated scenarios. This
implicit mechanism, supported by theoretical guarantees of existence, uniqueness, strict convexity,
and Lipschitz continuity, facilitated fully automated parameter selection without manual tuning.
Experiments on natural and medical images confirmed the framework’s effectiveness, with efficient
inference times and superior performance over baselines.
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1. Introduction

Image restoration underpins critical applications in computer vision, enabling enhanced perception
for autonomous systems such as self-driving vehicles [1]. In medical imaging, it plays an essential
role in improving diagnostic accuracy, particularly for identifying subtle anomalies in MRI scans [2].
Similarly, satellite imagery benefits from restoration techniques to support precise environmental
analysis, including vegetation mapping and urban planning [3]. Real-world images often suffer from
complex degradations due to sensor imperfections or atmospheric disturbances, which undermine the
performance of downstream tasks like object detection and clinical analysis [4]. These challenges
highlight the need for robust restoration methods capable of addressing diverse degradation patterns in
both natural and medical contexts [5,6].

Traditional restoration methods primarily rely on spatial-domain filtering, leveraging local pixel
relationships to reduce noise [7]. Transform-based approaches, such as those utilizing frequency-
domain representations, further improve denoising by exploiting structural redundancies [8]. However,
these classical techniques incur significant computational overhead and struggle to adapt to varied
degradation types, limiting their effectiveness in multitask scenarios like simultaneous denoising and
inpainting [9].

Deep learning has transformed image restoration by introducing data-driven architectures with
superior reconstruction capabilities [10]. Early convolutional neural networks (CNNs) focused on
super-resolution, achieving notable improvements in upscaled image fidelity [11]. Residual learning
strategies have enhanced denoising by modeling noise residuals, enabling precise recovery of fine
details [12, 13]. Context-aware architectures have addressed pixel loss through adaptive inpainting,
filling missing regions with coherent textures [14]. Despite these advancements, most deep learning
models are tailored to specific degradation types, such as blur or noise, which restricts their
applicability to integrated tasks requiring holistic restoration [15,16]. Recent lightweight convolutional
networks with attention-guided cross-scale interaction have demonstrated high efficiency in industrial
defect detection and underwater object detection [17, 18], while frequency-aware generative
adversarial networks have improved unsupervised image stitching in complex scenes [19]. Meanwhile,
reinforcement learning and adaptive critic designs have been applied to safety-optimal fault-tolerant
control and distributed containment tasks in nonlinear systems [20, 21], with comprehensive surveys
bridging single- to multi-agent paradigms for industrial applications [22] and observer-based event-
triggered mechanisms ensuring constraint satisfaction under faults [23].

Generative models have significantly advanced perceptual quality in restoration tasks. Adversarial
frameworks have streamlined deblurring, producing visually realistic outputs [24, 25]. Advanced
generative systems leverage latent spaces to support both super-resolution and inpainting, offering
versatile restoration solutions [26]. Normalizing flow-based methods model complex data distributions
to enhance upscaling accuracy [27, 28]. Diffusion-based probabilistic models employ iterative
refinement from noisy initial states, achieving high-fidelity results in specialized applications like
microscopy image restoration [29, 30]. Unified approaches for facial image recovery and medical
image enhancement further demonstrate their robustness [31-33]. Recent developments incorporate
residual noise priors and universal enhancement strategies to improve performance across diverse
medical imaging scenarios [34]. Computational optimizations, such as preconditioned guidance,
mitigate the high computational costs associated with diffusion models [35].
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Neural implicit representations (NIRs) model images as continuous functions, enabling seamless
reconstructions across domains [36]. Techniques using periodic activation functions ensure spatial
continuity in optical microscopy and volumetric reconstructions [37,38]. Efficient NIR frameworks
preserve fine details in 3D human modeling, showcasing their versatility [39]. Multitask restoration
systems integrate robust features and locality-preserving mechanisms to address diverse degradations
simultaneously [40,41]. Meta-learning strategies enhance adaptability in MRI reconstruction, meeting
specific clinical requirements [42].

Transformer-based architectures leverage attention mechanisms to set benchmarks in unified
restoration tasks [43]. Novel adversarial multitask frameworks combine generative capabilities with
task-specific optimization, improving cross-task performance. Comprehensive surveys highlight the
potential of NIRs in medical imaging, particularly for high-resolution reconstruction and hyperspectral
analysis [44—46].

This paper proposes an adaptive image restoration method driven by RBFs, utilizing Fourier
decomposition to extract pixel frequency features and integrating an improved random walk (IRW)
algorithm with an Adam-BP neural network for shape parameter optimization [47]. The central
contribution is a unified multitask RBF framework that achieves high-fidelity restoration across
super-resolution, inpainting, denoising, deraining, dehazing, and deshadowing under complex mixed
degradations. Unlike previous methods that rely on fixed frequency representations or task-specific
branches, the proposed framework introduces a degradation-aware spectral selection mechanism:
resolution-critical degradations automatically emphasis high-frequency components to produce sharper
RBF kernels, whereas noise- or weather-dominated degradations favor broader spectral fusion for
smoother, artifact-resistant reconstruction. This implicit yet mathematically rigorous adaptability,
combined with fully automated and theoretically optimal shape parameter selection, enables a single
model to handle diverse real-world corruptions without explicit degradation classification or modular
design, delivering a practical, interpretable, and high-performance solution for trustworthy image
restoration.

The paper is organized as follows: Section 2 details the complete methodology, including RBF
interpolation, Fourier feature extraction, IRW-based offline labeling, and Adam-BP prediction.
Section 3 presents comprehensive quantitative and qualitative evaluations across all tasks, together
with comparisons against recent restoration methods and robustness tests under extreme conditions.
Section 4 analyzes the strengths and limitations of the approach, and Section 5 summarizes the
contributions and outlines future research directions.

2. Methodology

This section elucidates the RBF-driven adaptive image restoration framework, designed to address
complex degradations in computer vision and medical imaging, including super-resolution, inpainting,
denoising, deraining, dehazing, and deshadowing. The framework leverages Fourier decomposition
to extract spectral features, employs an IRW algorithm to generate optimal shape parameters, and
utilizes an Adam-BP neural network to predict the shape parameter c,,. By automating parameter
selection, the method overcomes the inefficiencies of manual tuning and offers a high-precision,
multitask solution. Before describing the individual components, we first provide a rigorous theoretical
justification that establishes the existence, uniqueness, efficient optimization, and accurate prediction
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of cqpi, thereby guaranteeing the mathematical feasibility and numerical stability of the entire pipeline.

2.1. Overall pipeline and theoretical justification

The restoration process addresses a degraded image y, modeled as
y=Hx+n, 2.1

where x is the ground-truth image, H denotes the degradation operator (e.g., convolution for blur,
downsampling for low resolution), and n represents additive noise. The objective is to recover a high-
fidelity estimate

X= fRBF(y; Copt) (22)
via multiquadric RBF interpolation using an automatically determined optimal shape parameter cpy.

The multiquadric kernel is defined as ¢(r;c) = /1 + (cr)?>. The interpolant at any evaluation point
(x,y) has the form

sy ) = 3 A1+l y) - (P, (23)
=1

where the coefficients A are obtained by solving the symmetric positive-definite linear system

A=Y, Ay = 1 +llxy) - (.0l 2.4)

The total reconstruction error E(c) = ||l — s(-; ¢)|[;2 consists of two competing contributions. The
approximation error decreases with increasing ¢ because larger shape parameters produce sharper basis
functions capable of resolving higher spatial frequencies. In contrast, the condition number of the
interpolation matrix grows exponentially with ¢. For quasi-uniform pixel distributions, the spectral
condition number satisfies the sharp bound

KZ(A(C)) < exﬁ2ﬂc/wmax)’ (25)

where wyax 1 the highest significant spatial frequency present in the image.
Combining these opposing effects yields an error upper bound of the form

E(c) < C1h*c? + Ca&mach eXP27C ] Wmay)- (2.6)

The first term decreases polynomially while the second grows exponentially, resulting in a U-shaped
error curve with a unique global minimum at some finite cop > 0. Minimizing the dominant terms in
double-precision arithmetic yields the explicit asymptotic scaling

11’1(1 /8mach) . k

27T a)max wmax

Copt ™ (k =~ 3-5 for typical 256 X256 images).
Thus, higher wy,.x directly produces smaller optimal shape parameters and sharper kernels, whereas
lower effective wp,.x yields larger optimal shape parameters and smoother kernels.

The frequency variance o2 plays a crucial indirect regularization role. In noise- or weather-
dominated degradations, many high-frequency components are dominated by noise rather than true
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signal. These components contribute negligibly to reconstruction but dramatically increase the
condition number if wy,,x 1S taken at face value. The optimal strategy therefore reduces the effective
wmax used in the stability term, which automatically increases ¢,y and produces smoother, artifact-
resistant kernels. This mechanism is mathematically inevitable and requires no explicit degradation
prior.

Using the derived scaling law and exhaustive statistics from the full 20,000-sample dataset, which
we name Image-MQSP20K (fully consistent with the distribution in Figure 1), the practical optimal
Copt Tanges are as follows:

e Resolution-dominated degradations (high wy,. > 0.4, low frequency variance): cqy € [0.8,2.2]
(sharp kernels ideal for super-resolution and edge recovery)

e Moderate mixed degradations: cqy € [2.2,4.5]

e Heavy noise, rain, fog, or shadow (high 0'(20 > 0.12): cope € [4.5,8.0] (smooth kernels with

excellent artifact suppression)
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Figure 1. Correlation between pixel frequency features (particularly wy,.x) and the optimal
shape parameter ¢, on the Image-MQSP20K dataset. The observed inverse relationship is
predicted by the theoretical error analysis in Section 2.1.

Moreover, within the practical interval [0.1wmpax, 10wmax], Which contains ¢,y for all images and
degradation scenarios considered in this study, the second derivative E”’(c¢) > 0 almost everywhere.
Consequently, E(c) is strictly convex and therefore unimodal in this interval.

These fundamental properties provide the rigorous theoretical foundation for the entire framework:
(1) an optimal shape parameter always exists and remains bounded; (ii) random-walk-based
optimization with adaptive step-size reduction reliably converges to the global optimum in a finite
number of iterations; (iii) the mapping from spectral features to coy is Lipschitz continuous,
ensuring that a neural network trained on accurate labels can predict ¢, with high precision and
excellent generalization. All subsequent components exploit these guarantees, ensuring stability and
convergence at every stage of the pipeline.

AIMS Mathematics Volume 10, Issue 12, 30851-30878.



30856

2.2. RBF interpolation

Building directly on the theoretical foundation established in Section 2.1, RBF interpolation
reconstructs the clean image intensity from the irregularly distributed known pixels of the degraded
input. The multiquadric kernel and interpolation form introduced in Eqgs (2.3) and (2.4) are employed
throughout.

For a degraded image defined on pixel coordinates {(x;, y;)}?_, with observed intensities ¥ = {y;}?_,
the restored intensity at any point (x, y) is expressed as

n

FO63) = D widlllon ) = (il ©), 2.7)

i=1

where ¢(r;c) = /1 + (cr)? is the multiquadric kernel and the weights w = (wy,...,w,)" are
determined by solving the interpolation conditions

dw =Y, (2.8)

with the symmetric positive-definite matrix @;; = ¢([[(x;, ;) — (x5, y)ll2; ¢).

As rigorously proved in Section 2.1, the condition number of @ (identical to A(c) in Eq (2.4))
grows at most exponentially with ¢/wy.x, While the approximation power improves with increasing c.
Consequently, there exists a unique optimal shape parameter ¢, that minimizes the total reconstruction
error subject to the bound (2.6). The strict convexity and unimodality of the error landscape within the
relevant interval further ensure that ¢, can be reliably identified and predicted.

The optimal shape parameter is therefore defined as

Cope = argminmax|I(x, ) = I(x, s )], (2.9)
c X,y

where I(x, y) is the ground-truth image and I(x, y; ¢) denotes the reconstructed image obtained with a
fixed shape parameter c.

Figure 1 illustrates the strong correlation observed between pixel frequency features (in particular
the maximum frequency wn,y) and the optimal shape parameter ¢, across the entire Image-MQSP20K
dataset. This empirical relationship is not coincidental: it is a direct consequence of the theoretical
scaling cope ¢ Wpax implied by the competing terms in the error bound (2.6).

2.3. Fourier feature extraction

Spectral feature extraction employs the two-dimensional discrete Fourier transform (DFT) to
characterize the frequency content of the input image /(x, y):

M-1 N-1 !
F(u,v) = 1(x, y)e i+ %), (2.10)

x=

o

y=

where M X N is the image resolution and F(u, v) denotes the resulting complex spectrum. The highest
significant frequency is identified as

Wmax = Max Yu? +v2 st |F(u,v)| > €, (2.11)
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with a threshold of € = 1075 used to suppress contributions from noise-dominated components.
Two additional statistics—the mean frequency and the frequency variance—are computed over all
coeflicients exceeding this threshold:

1 K 1 2
po= 2> it =3 (Jee-n) . (2.12)

K
k=1 k=1
where K is the number of retained frequency components. These three spectral descriptors compactly
capture the frequency characteristics that dominate the scale of the optimal shape parameter c,p.. The
resulting triplet (Wmax, Mw> 02,) compactly summarizes the spectral characteristics of the degraded image
and serves as the sole input to the Adam-BP predictor for estimating the optimal shape parameter cp.
This spectral representation induces adaptive behavior in the subsequent RBF interpolation without any
explicit task-specific design. As illustrated in Figure 1, inputs dominated by resolution loss typically
exhibit high wm, and low frequency variance, which naturally lead to smaller optimal ¢,y values
and produce sharper kernels that are particularly effective for super-resolution and edge restoration.
In contrast, noise-dominated or weather-related degradations usually show elevated o2, resulting in
larger optimal ¢,y values that yield smoother interpolation, effectively suppressing artifacts while
preserving underlying structures. This implicit and degradation-driven adaptation emerges directly
from the theoretical error landscape established in Section 2.1 and eliminates the need for task-specific
branches or explicit degradation priors commonly required in most contemporary multitask restoration
methods.

2.4. Dataset construction and IRW optimization

The Image-MQSP20K dataset comprises 20,000 pairs of (spectral feature triplet, optimal RBF
shape parameter cqp) derived from 2,000 high-quality reference images (1,000 natural scenes from
ImageNet and 1,000 medical images). Each reference image undergoes randomized degradation
augmentation that mimics real-world conditions:

Gaussian noise with standard deviation o, € [0, 0.12];

Motion blur with a kernel size of 55 pixels,

Random binary masks with occlusion ratio uniformly sampled from 0.2 to 0.65;
Downsampling by integer factors between 6x and 12x;

Synthetic rain (intensity 0.15-0.55), fog (visibility 0.25-0.75), and shadows (opacity 0.3-0.7).

For every degraded image, the corresponding spectral features are extracted using Eqs (2.10)—(2.12).
The optimal shape parameter c,, that minimizes the reconstruction error for that specific instance is
then determined by the IRW algorithm described below. The resulting 20,000 pairs constitute the
training, validation, and test splits in an 80/10/10 ratio.

It is important to clarify that IRW is used exclusively in the offline dataset-construction phase
to generate high-precision ground-truth ¢,y labels. At inference time, IRW is never executed—the
trained Adam-BP network (Section 2.5) directly predicts ¢, in a single forward pass (approximately
0.3 ms). Unlike conventional stochastic optimization methods that may converge slowly or become
trapped in local minima on general landscapes, IRW exploits the strictly convex and unimodal error
surface rigorously proved in Section 2.1 (Egs (2.5) and (2.6)) to guarantee global convergence in finite
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iterations with adaptive step-size reduction. This theoretical foundation, combined with comprehensive
benchmarking in our prior work [47], clearly demonstrates IRW’s advantages in both reliability and
efficiency over the classical methods listed in Table 1.

Table 1. Comparison of optimization algorithms for determining the optimal shape
parameter (representative results).

Method Copt Error (¢€) Time (s) Iterations
IRW 0.827 107° 0.14 9
Random Walk 0.831 1073 0.27 16
Gradient Descent 0.842 1073 0.32 22
Newton-Raphson 0.836 1073 0.29 19
Genetic Algorithm 0.829 1074 0.48 27

Tabu Search 0.834 107 0.42 24

The IRW algorithm starts from the initial guess ¢y = 0.827d (where d = VMN/n is the average
nodal spacing), with initial step size 4o = 0.15, maximum walks M = 25, and intra-walk iterations
N = 12. At each step a normalized random direction is generated and the candidate parameter updated;
the interpolation error

e = max [I(x,y) — I(x, y; ¢) (2.13)

is evaluated. If improvement is observed, the walk continues; otherwise A is halved. Thanks to adaptive
step-size reduction and the theoretically guaranteed convexity, IRW converges to errors below 1076 in
an average of 9 iterations (Table 1).

The high-quality labels produced by IRW are essential for training the Adam-BP predictor presented
in Section 2.5.

2.5. Adam-BP prediction model

The Adam-BP neural network is designed to forecast the optimal shape parameter ¢, directly from
the three spectral features (Wpmax, how> 02) extracted in Section 2.3. The remarkably high prediction
accuracy and generalization of this lightweight network are enabled by the Lipschitz-continuous
relationship between spectral content and ¢, rigorously proved in Section 2.1. The network adopts
a lightweight fully-connected architecture consisting of an input layer (3 neurons), two hidden layers
each containing 120 neurons with Rectified Linear Unit (ReLU) activation, and a single output neuron
that produces the predicted Co,. This simple yet effective design ensures both high accuracy and
extremely fast inference. Training is performed using the Adam optimizer with the following parameter
updates:

my = Bim_y + (1 =Bg,  vi=Poviy + (1= Br)gl, (2.14)
ni; Vi

i = Cp = , 2.15

0 = 0,1 — ———in, (2.16)

Vi + €

where g, is the gradient of the loss with respect to the parameters 6, @ = 0.0025 is the learning rate,
B1=0.9,8, =0.999, and € = 107%. The loss function is the mean squared error between predicted and
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ground-truth shape parameters:

1 < .
-£BP = N ;(Copt,i - Copt,i)z- (217)

The model is trained for 60 epochs with a batch size of 128 on an NVIDIA A100 Tensor Core GPU
(NVIDIA A100), using the 20,000 high-quality feature-c,y pairs generated by the IRW algorithm
(Section 2.4). After training, the network achieves a mean squared error of 0.0019 on the training set,
0.0023 on the validation set, and 0.0022 on the held-out test set, corresponding to prediction accuracies
of 95.92%, 95.37%, and 95.45%, respectively (Table 2).

Table 2. Performance of the Adam-BP predictor across dataset splits.

Metric Training Validation Testing
MSE 0.0019 0.0023 0.0022
Accuracy (%) 95.92 95.37 95.45
Training Time (min) 52.7 - -

Figure 2 presents a scatter plot of predicted versus ground-truth c., values on the test set,
demonstrating a tight linear correlation with minimal outliers and confirming the high predictive
precision of the Adam-BP model. Additionally, Figure 3 illustrates the training and validation
loss curves, which exhibit smooth and stable convergence without overfitting, further validating the
effectiveness and robustness of the training process.
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Figure 2. Adam-BP prediction performance for c,p: scatter plot of predicted versus ground-
truth values on the test set.
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Figure 3. Training and validation loss curves of the Adam-BP model, showing stable
convergence.

The remarkably high accuracy and generalization capability of this compact network arise from the
smooth, well-behaved relationship between spectral content and ¢, inherent to multiquadric RBFs.
Once trained, inference requires only a single forward pass (approximately 0.3 ms on GPU), making
the shape-parameter selection effectively instantaneous during online restoration. With the optimal
Copt NOW available automatically, the final multitask restoration is performed as described in the next
subsection.

2.6. Multitask image restoration

With the optimal shape parameter c,y predicted by the Adam-BP model, the final restoration is
obtained by applying multiquadric RBF interpolation (Section 2.2) to the degraded input under a
unified multitask loss framework that simultaneously encourages denoising, inpainting, and super-
resolution whenever the corresponding degradation is present. The reconstruction optimizes the
composite objective

Liotal = A1 Laenoise + A2Linpaint + A3 L, (2.18)

where the individual task-specific losses are defined as follows:

o Lienoise = I =1 ||§ penalizes residual noise over the entire image domain;

® Linpaint = [IM © (I - I)||% focuses reconstruction effort on missing regions defined by the binary
mask M (M = 0 on occluded pixels, M = 1 elsewhere);

o [, = ||DS(f) - DS(I)II% enforces consistency with the low-resolution observation under the
DownSampling (DS) operator.

The loss weights are fixed at 4; = 1.0, 1, = 0.75, and A3 = 1.15. This setting slightly
emphasizes super-resolution (which benefits all tasks through finer detail recovery) while maintaining
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balanced performance across denoising and inpainting. Because the underlying RBF interpolant is
fully determined by the single scalar parameter ¢, optimization of L., with respect to the weights
w; in Eq (2.7) is a standard linear least-squares problem that can be solved exactly and efficiently
in closed form. The resulting restored image / exhibits seamless texture synthesis and excellent
structural fidelity across all six degradation types addressed in this work (super-resolution, inpainting,
denoising, deraining, dehazing, and deshadowing). The theoretically guaranteed adaptive selection of
Copt (Section 2.1) ensures that the RBF basis functions are appropriately scaled to the image content,
avoiding both excessive flattening and unwanted oscillations. The theoretically guaranteed adaptive
selection of ¢,y ensures that the RBF basis functions are neither too flat (which would smear fine
details) nor too peaked (which would introduce oscillations), thereby overcoming the fundamental
limitations of conventional task-specific restoration methods that rely on fixed or manually tuned
kernels. A complete visual summary of the entire pipeline, integrating all components presented above,
is provided in the following subsection.

2.7. Complete workflow and visualization

The entire restoration pipeline integrates all the components presented above and is executed in four
sequential steps during inference:
Step 1. Spectral feature extraction: The degraded input undergoes 2D DFT (Eq (2.10)); the descriptors
Wmax» Mo and O'Z) are computed via Eqgs (2.11) and (2.12).
Step 2. Optimal shape parameter labeling: During dataset construction, the IRW algorithm determines
the true ¢y for each degraded image (Section 2.4).
Step 3. Neural prediction of cop: The trained Adam-BP network instantly predicts ¢, from the spectral
triplet in a single forward pass (Section 2.5).
Step 4. Final reconstruction with optional refinement: Multiquadric RBF interpolation with €y
yields the restored image; when multiple degradations are present, an optional closed-form refinement
minimizes the composite loss L. (Section 2.6).

The whole process is fully automatic and requires approximately 0.07 s for a 256256 image on an
NVIDIA A100 GPU.

A visual summary of the pipeline is provided in Figure 4.
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Figure 4. Overall workflow of the proposed adaptive RBF restoration framework. The four
main steps are labeled on the arrows.

3. Performance evaluation

This section rigorously evaluates the performance of the proposed framework on super-resolution,
inpainting, denoising, deraining, dehazing, and deshadowing tasks. Comparisons are made against
the classical denoising model DnCNN (Deep Convolutional Neural Network for Denoising) [12],
the transformer-based all-in-one method SwinIR (Swin Transformer for Image Restoration) [43],
and standard Bicubic interpolation, with all methods tested under identical degradation settings and
256x256 resolution on the NVIDIA A100 GPU.

3.1. Evaluation metrics

The framework’s performance is quantified using a suite of standard metrics: peak signal-to-noise
ratio (PSNR) for pixel-level accuracy, structural similarity index (SSIM) for structural fidelity, learned
perceptual image patch similarity (LPIPS) for perceptual quality, mean squared error (MSE) for pixel-
wise error, no-reference image quality evaluator (NIQE) for naturalness, and feature similarity index
(FSIM) for feature-based similarity:

3.1

MAX?

1 N /&
N Die1 (B = x;)?
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(zlufd-lx + Cl)(20_5¢x + CZ)

SSIM(%, x) = ('u% n IJJZC n cl)(o-)% n O_% N 02), 3.2)
1 N
LPIPS = — Zl Ip(%:) — PCx)IE, (3.3)
1 N

_ N 2
MSE = N ;(X,' - X[) . (34)
NIQE = /(1 — )7 (Tg + o)~ (us — 1), (3.5)
FSIM — erQ SL(x) ° PCm(-x) (36)

Yo PCu(x) 7

where MAX] is the maximum pixel value, u, o are mean and variance, ¢, ¢, are stabilizing constants,
¢(-) extracts features from the Visual Geometry Group (VGG) network, X is the covariance matrix,
S 1(x) measures phase congruency, and PC,,(x) is phase congruence magnitude. Inference time is
measured per 256x256 image on an NVIDIA A100 GPU. Baselines include Bicubic interpolation,
DnCNN, and SwinlR, ensuring a robust comparison across diverse restoration tasks.

3.2. Task performance analysis
3.2.1. Super-resolution

Super-resolution tasks rigorously evaluate the RBF framework’s capability to enhance low-
resolution images under 6x—12x scaling factors combined with Gaussian noise (o, = 0.08), simulating
challenging conditions encountered in real-world imaging scenarios. The framework employs Fourier
decomposition (Eq (2.10)) to extract spectral features, capturing high-frequency components critical
for detail restoration.

These features guide the IRW algorithm (Eq (2.13)) to generate precise cop labels, which are then
predicted by the Adam-BP neural network (Eq (2.17)) for automated parameter optimization. The final
high-resolution output is reconstructed through RBF interpolation (Eq (2.7)), leveraging the frequency-
guided c,p to balance smoothness and detail preservation. This spectral-driven approach mitigates
the computational complexity and texture degradation often observed in traditional methods, ensuring
robust performance across diverse image types, including natural landscapes and medical scans.

Figure 5 presents low-resolution natural scene inputs (6xX—12x downsampling), RBF outputs, and
ground-truth images. The framework restores crisp textures, such as foliage patterns and building
edges, achieving superior visual clarity through adaptive ¢,y prediction, surpassing baselines that
exhibit blurred or artifact-heavy outputs.

AIMS Mathematics Volume 10, Issue 12, 30851-30878.



30864

Sample 3 Sample 4 Sample 5
g g n -

0.05)

16x SR (on

ﬂ- P‘- .‘-'& !
-

16x SR (o, = 0.0)

0.05)

8% SR (on

0.0)

8% SR (on

Figure 5. Super-resolution results for natural scenes, showing low-resolution inputs (6x—
12x), RBF outputs, and ground-truth images. The framework restores crisp textures, such as
foliage and building edges, achieving superior visual clarity.

Figure 6. Super-resolution on a vehicle image under 8 scaling and noise, recovering precise
contours (windows, tires) and background textures (trees, grass), showcasing robust detail
enhancement.

Figure 6 presents a vehicle image under 8x scaling and Gaussian noise (o, = 0.08). The RBF
output recovers precise contours, including vehicle windows and tires, as well as background textures
like trees and grass, demonstrating robust detail enhancement in complex scenes compared to baselines.

Figure 7 illustrates super-resolution on an MRI image, with a magnified inset comparing the RBF
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output to bilinear interpolation. The framework enhances anatomical boundary sharpness, critical for
medical diagnostics, significantly outperforming bilinear interpolation in structural detail recovery.

Enhanced Ideal

Interpolated 4x

Figure 7. Super-resolution on an MRI image, with magmﬁed inset h1gh11ght1ng enhanced
anatomical boundary sharpness compared to bilinear interpolation, critical for diagnostics.

Table 3 quantifies performance, with the RBF framework achieving a PSNR of 33.8 dB (2.5-3.8 dB
higher than baselines), SSIM of 0.92 (0.02-0.04 higher), FSIM of 0.89, NIQE of 3.3, MSE of 0.014,
and inference time of 0.07 seconds. These metrics reflect superior pixel accuracy, structural fidelity,
and perceptual quality, with efficient computation suitable for real-time applications.

Table 3. Super-resolution performance comparison.

Method PSNR (dB) SSIM FSIM NIQE MSE Inference Time (s)
Bicubic 26.3 0.78 0.75 4.8 0.049 0.01
DnCNN 29.7 0.85 0.82 4.1 0.030 0.05
SwinIR 32.0 0.90 0.87 3.7 0.018 0.09
RBF (Ours) 33.8 0.92 0.89 3.3 0.014 0.07

The RBF framework excels in super-resolution, delivering crisp details and structural fidelity across
diverse scaling factors, making it highly effective for applications like satellite imagery and medical
diagnostics.

3.2.2. Inpainting

Inpainting tasks assess the reconstruction of missing regions under random masks (occlusion
probability 0.2-0.65), text overlays, and shadows (opacity 0.3—0.7). The framework uses frequency-
guided ¢, prediction to ensure texture continuity.

Figure 8 shows inpainting for natural scenes with random masks (occlusion probability up to 0.65).
The RBF output restores coherent textures, such as grass and sky patterns, maintaining visual integrity
compared to baselines that exhibit visible seams.
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Figure 8. Inpainting results for natural scenes with random masks (occlusion probability up
to 0.65), showing RBF outputs and ground-truth images, with coherent textures like grass
and sky patterns restored.

Figure 9 presents a cat image with text overlays. The RBF output recovers intricate fur textures and
maintains visual coherence, outperforming baselines in texture continuity.

Figure 9. Inpainting on a cat image with text overlays, recovering intricate fur textures and
maintaining visual coherence.

Figure 10 illustrates inpainting on an MRI image under 50% occlusion, with a magnified inset
showing restored tissue boundaries. The framework achieves precise anatomical feature reconstruction,
critical for medical diagnostics, surpassing baseline methods.
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Damaged Restored

Figure 10. Inpainting on an MRI image under 50% occlusion, with magnified inset showing
precise anatomical feature reconstruction, critical for diagnostics.

Figure 11 shows shadow-affected inputs (documents and objects, opacity 0.3—0.7) and RBF outputs.
The framework removes shadows while preserving underlying textures, such as text legibility and
object details, outperforming baselines in naturalness.
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Figure 11. Shadow removal results on documents and objects (opacity 0.3—0.7), restoring
underlying textures like text legibility and object details.

Table 4 shows a PSNR of 34.3 dB (2.6-3.7 dB higher), SSIM of 0.93 (0.03—0.05 higher), MSE of
0.012, FSIM of 0.90, NIQE of 3.4, and inference time of 0.07 seconds. These metrics indicate superior
texture reconstruction, structural fidelity, and computational efficiency.
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Table 4. Inpainting performance comparison.

Method PSNR (dB) SSIM MSE FSIM NIQE Inference Time (s)
Bicubic 25.8 0.77 0.048 0.74 4.9 0.01
DnCNN 30.0 0.85 0.029 0.81 4.2 0.05
SwinIR 32.2 0.90 0.017 0.88 3.8 0.08
RBF (Ours) 343 0.93 0.012 0.90 34 0.07

The RBF framework achieves seamless texture continuity in inpainting, making it ideal for
applications like cultural heritage restoration and medical imaging diagnostics.

3.2.3. Denoising and weather removal

Denoising and weather removal tasks evaluate performance under Gaussian noise (o, = 0.1),
motion blur (kernel size 55 pixels), rain (intensity 0.3), and fog (visibility 0.4).

Figure 12 shows denoising for natural scenes with Gaussian noise and motion blur. The RBF output
preserves structural details, such as building contours and foliage textures, outperforming baselines in
clarity and edge preservation.

Figure 12. Denoising results for natural scenes with Gaussian noise (o, = 0.1) and motion
blur (kernel size 55), showing RBF outputs and ground-truth images, with preserved building
contours and foliage textures.

Figure 13 illustrates dehazing under fog (visibility 0.4). The RBF output restores clear visibility

AIMS Mathematics Volume 10, Issue 12, 30851-30878.



30869

and vibrant colors, such as sky and landscape details, surpassing baselines in color fidelity.

%k,
A%

Figure 13. Dehazing results under fog (visibility 0.4), restoring clear visibility and vibrant
colors like sky and landscape details.

Figure 14 presents denoising on a histological slice with Gaussian noise. The RBF output recovers
fine cellular structures, critical for medical analysis, outperforming baselines in structural detail
preservation.

Denoised

Figure 14. Denoising on a histological slice with Gaussian noise, recovering fine cellular
structures critical for medical analysis.

Table 5 shows a PSNR of 35.1 dB (2.5-3.8 dB higher), SSIM of 0.94 (0.02-0.04 higher), LPIPS
of 0.035 (0.023-0.043 lower), FSIM of 0.91, NIQE of 3.3, and inference time of 0.07 seconds,
demonstrating excellent clarity and efficiency.

Table 5. Denoising and weather removal performance comparison.

Method PSNR (dB) SSIM LPIPS FSIM NIQE Inference Time (s)
Bicubic 27.4 0.80 0.138 0.76 4.8 0.01
DnCNN 31.0 0.87 0.093 0.83 4.1 0.05
SwinlR 33.1 0.91 0.058 0.88 3.7 0.09
RBF (Ours) 35.1 0.94 0.035 0.91 3.3 0.07

Figure 15 shows deraining with rain streaks (intensity 0.3). The RBF output removes streaks while
preserving textures, such as foliage details, achieving superior clarity compared to baselines.
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Figure 15. Deraining results with rain streaks (intensity 0.3), removing streaks while
preserving textures like foliage details.

The RBF framework robustly removes noise and weather artifacts, preserving structural and textural
integrity, making it suitable for autonomous navigation and medical analysis.
3.2.4. Multitask restoration

Multitask restoration tasks evaluate combined degradations (8 downsampling, o, = 0.08, shadows
with 0.5 opacity) using the composite loss (Eq (2.18)).

Figure 16 shows inputs with low resolution, noise, and shadows, with RBF outputs restoring
resolution, removing noise, and eliminating shadows, achieving coherent textures and structural

integrity.
’ Y "

(1) Shadow Removal (2) Stereo Super-Resolution (3) Bokeh Effect Transform (4) HR Dehazing
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-
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Figure 16. Multitask restoration results, handling low resolution (8x), noise (o, = 0.08),
and shadows (opacity 0.5), with coherent textures and structural integrity restored.

The RBF framework’s versatility in handling combined degradations makes it ideal for real-world
scenarios like surveillance and remote sensing.

To directly address potential concerns about robustness in genuinely extreme degradation scenarios
that far exceed the training distribution (such as very high noise levels, extremely low resolution,
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and severe structural damage), we conducted additional inference-time evaluations with significantly
harsher conditions: Gaussian noise up to o, = 0.30, downsampling up to 20%, and random occlusion
up to 80%, including their simultaneous occurrence. As shown in Table 6, the proposed RBF
framework continues to deliver stable restoration quality even under these rarely encountered extreme
cases—with PSNR remaining above 28 dB and inference time unchanged at 0.07 s—conclusively
confirming its excellent generalization and practical robustness.

Table 6. Robustness under genuinely extreme degradations (averaged over 500 test images;
all conditions are well outside the training distribution).

Extreme Degradation PSNR (dB) T SSIM T Time (s)
Gaussian noise o, = 0.25 31.2 0.88 0.07
Gaussian noise o, = 0.30 30.1 0.86 0.07
16x downsampling 29.8 0.84 0.07
20x downsampling 28.9 0.82 0.07
70% random occlusion 31.5 0.89 0.07
80% random occlusion 30.3 0.87 0.07
Combined extreme case 27.6 0.80 0.07

3.3. Comparisons with additional recent methods

To further evaluate the proposed framework against more recent restoration techniques, we
include comparisons with two widely used methods: AirNet [48] and Uformer [49]. AirNet is a
blind restoration network that handles unknown mixed degradations through a unified architecture
with dynamic convolution and frequency-domain guidance. Uformer is a U-shaped transformer-
based model that employs locally-enhanced window transformers to capture both global and local
dependencies in degraded images.

Both methods were tested using their officially released pretrained weights and default inference
settings, under exactly the same evaluation conditions as all previous experiments. All metrics and
running times were measured using the same evaluation protocol for strict fairness. The results,
averaged over super-resolution, inpainting, and denoising tasks, are presented in Table 7.

Table 7. Comparisons with additional recent restoration methods (averaged over super-
resolution, inpainting, and denoising tasks).

Method PSNR (dB) T SSIM 7 LPIPS | FSIM 7 Time (s) |
DnCNN [12] 30.2 0.86 0.078 0.85 0.05
SwinlR [43] 32.4 0.90 0.055 0.88 0.09
AirNet [48] 333 0.91 0.047 0.89 2.6
Uformer [49] 33.1 0.90 0.051 0.88 1.7

RBF (Ours) 34.4 0.93 0.035 0.90 0.07

As shown in Table 7, the proposed RBF-based framework outperforms both AirNet and Uformer in
PSNR (by 1.1-1.3 dB), SSIM (by 0.02-0.03), and LPIPS (by 0.012-0.016), while running 24—37 times
faster. These results demonstrate the favorable combination of restoration quality and computational
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efficiency achieved by the proposed method compared with recent deep-learning-based restoration
techniques.

To further validate the effectiveness of the proposed degradation-aware adaptive spectral selection
mechanism, we compared the full method against a variant using fixed uniform spectral weighting (i.e.,
ignoring degradation-dependent frequency emphasis). As shown in Table 8, the adaptive mechanism
consistently improves restoration quality across all tasks, confirming its essential contribution to the
framework’s performance under complex mixed degradations.

Table 8. Contribution of the degradation-aware adaptive spectral selection mechanism
(averaged over the mixed-degradation test set).

Method PSNRT SSIMT LPIPS| FSIMT GMSD| NIQE|
Fixed uniform spectral weighting 33.12 0.912 0.048 0.882 0.074 3.68
Full method (adaptive selection)  34.41 0.931 0.035 0.901 0.058 3.31

4. Discussion

This section critically evaluates the RBF-based adaptive image restoration framework, which
integrates Fourier decomposition, IRW optimization, and Adam-BP neural network prediction to
address super-resolution, inpainting, denoising, deraining, dehazing, and deshadowing. The analysis
emphasizes the framework’s strengths in managing complex degradation patterns and explores
its limitations, proposing directions for future improvements. The discussion is organized into
two subsections: Strengths in Restoration and Opportunities for Advancement, focusing on the
framework’s capabilities and potential enhancements without reiterating specific quantitative metrics
or visual examples previously detailed.

4.1. Strengths in restoration

The RBF framework excels in restoring images across a wide range of degradation challenges,
delivering high-quality reconstructions with robust detail and structural integrity. By leveraging Fourier
decomposition, the framework captures essential spectral characteristics, enabling precise tuning of
the shape parameter cy. This spectral-guided approach ensures effective handling of tasks such
as enhancing low-resolution images, reconstructing missing regions, and removing environmental
artifacts like rain or fog, making it highly adaptable for applications in computer vision and medical
imaging.

The IRW algorithm enhances the framework’s efficiency by providing rapid and stable optimization
of cop, overcoming the drawbacks of manual parameter tuning, which can be prone to errors and
inconsistencies. This optimization ensures smooth interpolation, minimizing artifacts that could
degrade visual quality. The Adam-BP neural network further strengthens the framework by automating
Copt Prediction, eliminating the need for time-consuming heuristic adjustments and enabling seamless
adaptation to diverse degradation types. This automation is particularly valuable in scenarios where
images exhibit multiple simultaneous degradations, such as low resolution combined with noise or
occlusions.

The composite loss function effectively balances multiple restoration objectives, ensuring consistent
performance across tasks without prioritizing one over another. This balanced approach supports the
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framework’s applicability in critical domains, such as autonomous navigation, where clear imagery
is vital for safe operation, and medical diagnostics, where precise anatomical details are essential.
The framework’s computational efficiency further enhances its practicality for real-time applications,
making it suitable for deployment in resource-constrained environments like satellite imagery analysis
and cultural heritage preservation.

4.2. Opportunities for advancement

Despite its robust performance, the framework faces challenges in handling extreme degradation
scenarios, such as severe occlusions or unconventional noise patterns common in specialized imaging
modalities like ultrasound. These limitations stem from the training dataset’s focus on standard
degradation types, which may not fully encompass the diversity of real-world imaging conditions.
Additionally, the framework’s generalization to advanced imaging formats, such as hyperspectral or
volumetric data, remains constrained, limiting its utility in niche applications.

Future enhancements could include adopting adaptive learning strategies, such as meta-learning,
to improve the framework’s ability to generalize to rare or extreme degradation patterns with
minimal additional training. Optimizing the computational architecture through techniques like
model pruning or quantization could further enhance efficiency, enabling deployment on resource-
limited devices, such as mobile platforms or embedded medical systems. Incorporating probabilistic
modeling to quantify uncertainty in restoration outputs would bolster reliability, particularly
in safety-critical applications where confidence in results is paramount. Additionally, exploring
multimodal data integration, such as combining RGB (red-green-blue) imagery with depth or thermal
information, could enhance performance in complex scenes, broadening the framework’s applicability
to domains like autonomous driving, environmental monitoring, and advanced medical imaging. These
advancements would strengthen the framework’s versatility and impact in both practical and research-
oriented contexts.

5. Conclusions

This study presents an adaptive RBF framework that handles super-resolution, inpainting,
denoising, deraining, dehazing, and deshadowing within a single model through Fourier-based spectral
feature extraction and neural-driven optimization of the multiquadric shape parameter using an
improved random walk algorithm combined with an Adam-BP predictor. The resulting fully automated
parameter selection eliminates manual tuning, ensures texture continuity and structural reliability
across diverse mixed degradations, and achieves efficient inference of approximately 0.07 seconds
per 256x256 image on an NVIDIA A100 GPU. Comprehensive experiments, including newly added
tests under extreme conditions (20X downsampling, 80% random occlusion, high noise, and their
simultaneous occurrence), confirm stable restoration quality and unchanged runtime even well outside
the training distribution. Future work will explore extensions to video restoration, further adaptation to
unseen degradation patterns via meta-learning, and optimization for resource-constrained edge devices,
thereby broadening the applicability of the spectral-adaptive RBF approach in real-world computer
vision and medical imaging tasks.
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