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ABSTRACT

Image inpainting aims to reconstruct missing or damaged regions in digital
images while preserving structural consistency and visual coherence. Among
partial differential equation (PDE)-based approaches, the model introduced by
Marcelo Bertalmio is a foundational technique for isophote-driven structure
propagation. However, its performance often degrades in large damaged re-
gions. This limitation is mainly caused by insufficient transport strength and
isotropic diffusion, which lead to structural blurring. In this paper, we propose
an edge-aware adaptive PDE inpainting model that introduces a transport am-
plification factor and a spatially-adaptive diffusion term to improve edge prop-
agation and structural preservation. Experimental results on various test im-
ages demonstrate that the proposed approach improves structural reconstruction.
Quantitative evaluation using peak signal-to-noise ratio (PSNR) and structural
similarity index (SSIM) metrics confirms higher restoration accuracy and better
edge preservation compared with baseline methods.
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1. INTRODUCTION
Image inpainting is a fundamental problem in image processing and computer vision that aims to

reconstruct missing or damaged image regions in a visually plausible manner [1], [2]. Its applications in-
clude object removal, cultural heritage restoration, old photograph recovery, film post-production, and error
concealment in image transmission. The main challenge is to ensure structural coherence and texture consis-
tency while preserving overall visual realism [3]-[5]. Early inpainting approaches were predominantly based
on partial differential equations (PDEs), where missing information is reconstructed by propagating geometric
structures from the boundary of the damaged region toward its interior [6]-[8]. Among these methods, the
seminal work of Bertalmio et al. [7] introduced a third-order isophote-driven transport equation inspired by
fluid dynamics [9], [10]. Owing to its solid mathematical foundation and geometric interpretation, this model
has become a cornerstone of PDE-based inpainting, particularly effective for small missing regions and thin
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structures. Despite their strong theoretical foundation, classical PDE-based inpainting models still struggle to
maintain structural continuity in large missing regions due to weak isophote transport and excessive diffusion.
When applied to large damaged areas, the classical formulation suffers from insufficient transport strength,
leading to attenuated structure continuation and blurred edges. Moreover, the diffusion component introduces
excessive smoothing, reducing the preservation of fine details. These limitations motivate the development
of enhanced PDE-based formulations capable of reinforcing structural propagation while maintaining numer-
ical stability and edge preservation. In this work, we propose an improved PDE-based inpainting framework
derived from the classical Bertalmio model. Unlike previous incremental extensions, our method introduces
a novel transport amplification factor and a spatially-adaptive diffusion term. The scientific contribution lies
in the adaptive control of transport strength and diffusion according to local edge information, which is not
present in previous models. The proposed approach incorporates an adaptive transport amplification factor to
reinforce isophote propagation and an edge-aware diffusion adjustment to better preserve fine details. A sta-
bilized discretization scheme combining Gaussian pre-smoothing, gradient normalization, intensity projection,
and a convergence-based stopping criterion is adopted to ensure robust and stable iterative behavior. Experi-
mental results on benchmark images demonstrate improved structural coherence and quantitative performance
compared to representative classical and variational inpainting approaches.

2. RELATED WORK
Image inpainting has been extensively studied over the past two decades, leading to a wide range of

reconstruction techniques. Existing approaches are broadly classified into three main categories: diffusion-
based, exemplar-based, and hybrid methods.

2.1. Diffusion-based inpainting
Diffusion-based methods reconstruct missing regions by propagating information from known areas

through PDEs. The pioneering work of Bertalmio et al. [7] introduced a third-order PDE framework that prop-
agates isophotes (lines of equal intensity) into damaged regions. This model preserves geometric structures and
edge continuity and has become a cornerstone of PDE-based inpainting. Subsequent extensions incorporated
anisotropic diffusion [11], curvature-driven diffusion [12], and higher-order regularization terms to improve
smoothness and structural fidelity. These models are particularly effective for small missing regions and thin
geometric structures. However, their performance degrades in large damaged areas, where insufficient transport
strength and excessive diffusion often lead to blurred edges and loss of fine details. Several adaptive strate-
gies have been proposed to mitigate these limitations, including spatially varying diffusion coefficients and
edge-guided transport mechanisms. Nevertheless, achieving a balance between strong structure propagation
and numerical stability remains a challenging problem [8], [12]-[14].

2.2. Exemplar-based inpainting
Exemplar-based approaches reconstruct missing regions by copying similar patches from known parts

of the image. The influential method of Criminisi et al. [15] introduced a priority-driven patch filling strategy
based on confidence and data terms, enabling improved structure continuation. A major advancement in this
category is the PatchMatch algorithm [16], which provides a fast randomized method for approximate nearest-
neighbor patch search. PatchMatch has enabled efficient large-scale image editing and has been integrated
into various practical inpainting systems. Exemplar-based methods generally achieve superior performance in
texture-rich regions and large missing areas. However, they may suffer from structural inconsistencies when
long-range geometric continuation is required [8], [17], [18].

2.3. Hybrid and learning-based methods
Hybrid methods attempt to combine the strengths of diffusion-based and exemplar-based approaches.

Typically, geometric structures are first reconstructed using PDE-based techniques, followed by texture syn-
thesis through patch-based strategies [19]. Such combinations aim to improve both structural coherence and
texture realism [20]. More recently, deep learning approaches have emerged, employing convolutional neural
networks and generative models for data-driven inpainting [21], [22]. Although these models produce visu-
ally impressive results, they generally require large training datasets and substantial computational resources.
Moreover, in restoration-oriented applications, the hallucination of non-authentic content may be undesirable.
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It is important to emphasize that the objective of the proposed method differs from that of data-driven gen-
erative inpainting approaches [21]. While deep learning models can synthesize visually plausible textures
and complete large missing regions, the reconstructed content may not strictly correspond to the original im-
age structures, as it is partially inferred from learned priors [5]. In controlled restoration scenarios, such as
scientific imaging, cultural heritage preservation, or medical image reconstruction, structural fidelity and deter-
ministic behavior are often preferred over generative realism. In such contexts, the introduction of hallucinated
structures may lead to misleading interpretations [23]. The proposed PDE-based framework preserves mathe-
matical interpretability, does not rely on external training data, and reconstructs missing regions by propagating
existing geometric information from the image itself. Therefore, the present study focuses on deterministic,
structure-driven restoration rather than data-driven generative inpainting.

2.4. Motivation and positioning of the proposed method
Despite substantial progress, diffusion-based methods remain attractive due to their mathematical in-

terpretability, low computational complexity, and suitability for structure-preserving restoration [7]-[8]. How-
ever, classical PDE models, including the Bertalmio formulation, still face challenges in balancing transport
strength, detail preservation, and numerical stability [9], [10]. Motivated by these observations, our work
focuses on enhancing the original PDE framework through adaptive transport amplification and edge-aware
diffusion adjustment. Unlike exemplar-based or learning-based approaches, the proposed method preserves
the deterministic and structure-oriented nature of PDE inpainting while improving robustness and structural
coherence. This makes it particularly suitable for controlled restoration scenarios where interpretability and
stability are essential.

2.5. Comparative methods
To evaluate the effectiveness of the proposed PDE-based inpainting framework, we compare it against

the following benchmark methods:
- Distorted image reconstruction method with trimmed median [24]: this method employs a spatial filtering

technique to restore corrupted pixels. By computing the trimmed median of the local neighborhood, it aims
to remove noise and fill missing gaps while preserving local structures. However, it often struggles with
larger missing regions, which can result in noticeable structural blurring.

- Adaptive Euler’s elastica inpainting with discrete gradient optimization [25]: this variational approach re-
constructs missing structures by minimizing curvature-based energy functionals with adaptive parameter
estimation, providing strong geometric continuity, especially in large missing regions.

These comparative methods allow us to assess the improvements offered by the proposed adaptive transport
and edge-aware diffusion mechanisms in terms of structural coherence and quantitative metrics such as peak
signal-to-noise ratio (PSNR) and structural similarity index (SSIM).

3. PROPOSED METHOD
3.1. PDE formulation

The classical inpainting model introduced by Bertalmio et al. [7] propagates isophotes within the
missing region using a third-order PDE. The evolution of the image intensity I(x, y, t) is given by:

∂I

∂t
= ∇⊥I · ∇(∆I) (1)

where ∇⊥I = (−Iy, Ix) denotes the direction orthogonal to the image gradient (isophote direction), and ∆I
is the Laplacian operator, ensuring curvature-driven propagation. To improve numerical stability and reduce
noise amplification, an anisotropic diffusion term can be added:

∂I

∂t
= ∇⊥I · ∇(∆I) +∇ · (c∇I) (2)

where the diffusion coefficient c is defined as:

c =
1

1 + |∇I|2
K

(3)

with K controlling edge preservation.
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3.2. Adaptive transport factor
While effective for small regions, the classical PDE may lack sufficient transport strength in large

missing areas. Novelty of the proposed approach: unlike previous adaptive PDE methods that adjust only the
diffusion coefficient, our approach introduces two complementary and original mechanisms:
- A transport amplification factor α that directly strengthens isophote propagation in large missing regions
- A spatially-adaptive diffusion term that preserves edges by reducing excessive smoothing

The proposed model is formulated as:

∂I

∂t
= α∇⊥I · ∇(∆I) +∇ · (c∇I) (4)

where α > 1 strengthens isophote propagation, and α = 1 reduces to the classical model. The diffusion
parameter can also be adapted to enhance fine detail preservation:

Kadapt = βK, (5)

where β < 1 increases sensitivity to edges.

3.3. Parameter selection and justification
The parameters α and β were empirically selected based on preliminary experiments to balance edge

propagation and diffusion stability. A systematic three-step procedure was adopted:
Step 1 – grid search
- α tested: {1.0, 1.01, 1.02, 1.03, ..., 1.1}
- K tested: {0.001, 0.002, 0.003, 0.004, ...0.009}
- σ tested: {0.5, 1.0, 1.5}
Step 2 – selection criteria
- Maximization of PSNR and SSIM on validation images
- Numerical stability (convergence within 500 iterations)
- Absence of visual artifacts
Step 3 – retained values
- α = 1.08: best trade-off between structural propagation and stability
- K = 0.004: optimal edge preservation
- σ = 1.0: sufficient smoothing without loss of fine details
- ∆tt = 0.0008, ∆td = 0.15: ensuring numerical stability
Sensitivity analysis
- α ∈ [1.0, 1.1]: stable performance.
- α > 1.1: numerical instabilities appear
- K ∈ [0.003, 0.005]: visually disimilar results
- K < 0.001: residual noise; K > 0.009: excessive smoothing
All parameters were kept constant across all experiments to ensure reproducibility.

3.4. Numerical discretization and stabilization
The PDE is discretized using finite differences in space and explicit time marching:

Ik+1 = Ik +∆tt αT (Ik) + ∆td D(Ik) (6)

where T (I) denotes the transport term and D(I) the anisotropic diffusion term. To ensure stability and ro-
bustness, we adopt Gaussian pre-smoothing defined as Is = Gσ ∗ I , gradient normalization computed as
|∇I| =

√
I2x + I2y + ε to avoid numerical instability, intensity projection to maintain pixel values within

the valid range I ← min(max(I, 0), 1), and a convergence criterion based on the relative ℓ2-norm given
by ∥Ik+1−Ik∥2

∥Ik∥2
< 10−6. The computational complexity is O(MNKmax), where M × N denotes the image

size and Kmax the maximum number of iterations. To provide a clearer understanding of the interaction be-
tween the transport and adaptive diffusion mechanisms, the operational workflow of the proposed algorithm is
illustrated in Figure 1.
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Figure 1. Flowchart of the proposed edge-aware adaptive PDE inpainting algorithm

3.5. Algorithm
The proposed method is summarized in Algorithm 1. It iteratively propagates isophotes within the

missing regions while applying edge-aware diffusion, Gaussian smoothing, gradient normalization, and inten-
sity projection to maintain numerical stability.

Algorithm 1 Improved bertalmio PDE-based inpainting

Require: Original image I0 ∈ RM×N , binary mask Ω, maximum iterations Kmax, transport step ∆tt, diffusion step ∆td, diffusion
parameter K, Gaussian smoothing σ, transport factor α

Ensure: Inpainted image I
Initialize I ← I0
for k = 1 to Kmax do

Iprev ← I

1) Isophote transport
Is ← Gσ ∗ I ▷ Gaussian smoothing
(Ix, Iy)← ∇Is
|∇Is| ←

√
I2x + I2y + ϵ

Nx ← Ix/|∇Is|, Ny ← Iy/|∇Is|
∆I ← ∇2I , (∆Ix,∆Iy)← ∇(∆I)
β ← (−Ny)∆Ix +Nx∆Iy
I(Ω)← I(Ω) + ∆tt · α · β(Ω)

2) Anisotropic diffusion
(Ix, Iy)← ∇I
c← 1/(1 + (I2x + I2y )/K)
div← ∇ · (c∇I)
I(Ω)← I(Ω) + ∆td · div(Ω)
I ← min(max(I, 0), 1)

if
∥I − Iprev∥2
∥Iprev∥2

< 10−6 then

break
end if

end for
return I

4. RESULTS AND DISCUSSION
To evaluate the effectiveness of the proposed adaptive PDE-based inpainting method, we conducted

experiments on a diverse set of images from the Berkeley segmentation dataset (BSDS500) [26], which pro-
vides a variety of natural scenes with different structural and textural complexities. Two types of degradation
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masks are considered to evaluate the inpainting performance. Mask1 consists of irregular yet structured curved
missing regions, forming connected stroke-like patterns across the image. This mask is designed to assess
the ability of the method to restore fine structures and maintain local continuity. Mask2, in contrast, rep-
resents a structured degradation composed of larger contiguous missing areas, including text-shaped regions
(watermark-like patterns). This mask evaluates the capability of the method to reconstruct extended regions
and ensure coherent long-range structural propagation.

The inpainted results were quantitatively assessed using PSNR [27]-[29] and SSIM [29]-[31], which
measure pixel-wise fidelity and perceptual structural similarity, respectively. PSNR reflects reconstruction
accuracy, while SSIM emphasizes the preservation of structural features and overall perceptual quality. The
PSNR is computed as:

PSNR = 10 log10

(
MAX2

I

MSE

)
(7)

where MAXI is the maximum possible pixel value and MSE is the mean squared error between the original
image I and the inpainted image Î:

MSE =
1

MN

M∑
i=1

N∑
j=1

(
I(i, j)− Î(i, j)

)2

(8)

The SSIM is computed as:

SSIM(I, Î) =
(2µIµÎ + C1)(2σIÎ + C2)

(µ2
I + µ2

Î
+ C1)(σ2

I + σ2
Î
+ C2)

(9)

where I is the original image, Î is the inpainted image, µ and σ denote local mean and variance, σIÎ is the
local covariance, and C1, C2 are small constants. Figure 2 shows the test images selected for the experimental
evaluation. Figures 2(a) to (h) present the eight reference images used in our experiments. Two masking
patterns were applied, as illustrated in Figure 3. Figure 3(a) (Mask1) consists of irregular curved missing
regions, while Figure 3(b) (Mask2) represents larger contiguous missing areas.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 2. Reference test images: (a) 38092, (b) 126007, (c) 170057, (d) 182053, (e) 219090, (f) 253027,
(g) 295087, and (h) 296007

(a) (b)
Figure 3. Masks used for image inpainting experiments: (a) Mask1 and (b) Mask2
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4.1. Quantitative evaluation
Table 1 presents the quantitative comparison between the trimmed median method [24], the adaptive

Euler elastica approach [25], and the proposed method under both masking scenarios. Table 1, shows that
the proposed method consistently achieves the highest PSNR and SSIM values across all test images and
masking configurations. For Mask1, it preserves fine details and structural continuity. For Mask2, the adaptive
transport amplification improves isophote propagation, leading to better geometric reconstruction compared to
the baseline methods.

The average results further confirm the superiority of the proposed approach. Under Mask1, it attains
the highest mean PSNR (30.1343 dB) and SSIM (0.93657), outperforming both the trimmed median and adap-
tive Euler elastica methods. The same trend is observed for Mask2, where the proposed method achieves the
best mean PSNR (30.8245 dB) and SSIM (0.94684). Overall, the consistent improvement in quantitative met-
rics demonstrates the robustness and enhanced reconstruction capability of the proposed inpainting framework.

Table 1. Quantitative comparison of PSNR (dB) and SSIM values for image inpainting using trimmed median,
adaptive Euler elastica, and the proposed method under Mask1 and Mask2

Image.jpg Mask Trimmed median Adaptive Euler elastica Proposed
PSNR (dB) SSIM PSNR (dB) SSIM PSNR (dB) SSIM

38092 Mask1 27.7560 0.91871 27.8948 0.87860 29.4995 0.92764
Mask2 27.1893 0.92610 27.3959 0.88326 29.1254 0.93389

126007 Mask1 27.9483 0.93879 29.6092 0.92130 29.9560 0.94501
Mask2 29.9318 0.95066 30.8467 0.93069 31.7043 0.95654

170057 Mask1 31.0474 0.92774 31.6092 0.92947 32.3449 0.94236
Mask2 31.9959 0.93604 32.7071 0.93969 33.4784 0.95311

182053 Mask1 26.0871 0.92384 25.4707 0.89990 27.0330 0.93153
Mask2 27.2204 0.94050 26.2018 0.91670 28.2300 0.94900

219090 Mask1 28.5245 0.93253 28.1673 0.89501 29.9536 0.93889
Mask2 27.9201 0.93285 28.0051 0.89735 29.2746 0.94200

253027 Mask1 24.1626 0.90953 23.8170 0.88230 25.1050 0.91832
Mask2 23.0839 0.91238 23.4064 0.89180 24.3400 0.92700

295087 Mask1 30.1797 0.93094 28.6956 0.88094 30.7250 0.93349
Mask2 31.2906 0.94311 29.2801 0.89043 32.0997 0.94574

296007 Mask1 35.4982 0.95112 34.1768 0.91889 36.4572 0.95532
Mask2 37.1673 0.96310 35.2960 0.92868 38.3438 0.96681

Mean Mask1 28.9005 0.92912 28.6801 0.90084 30.1343 0.93657
Mask2 29.4749 0.93810 29.1424 0.90991 30.8245 0.94684

4.2. Sensitivity analysis
To further validate the robustness of the proposed adaptive formulation, a sensitivity analysis was

conducted with respect to the main adaptive parameters: the transport amplification factor α and the diffusion
scaling parameter β.

4.2.1. Influence of the transport amplification factor
The transport amplification factor α controls the strength of isophote propagation, with α = 1 cor-

responding to the classical Bertalmio formulation. Experimental evaluation shows that increasing α enhances
reconstruction quality up to an optimal range, beyond which minor oscillatory effects may slightly reduce
performance. These results confirm that the adaptive transport mechanism effectively strengthens structural
continuation while maintaining numerical stability when appropriately bounded.

4.2.2. Influence of the diffusion scaling parameter
The diffusion scaling parameter β regulates edge preservation through the adapted diffusion coeffi-

cient. Experiments show that moderate reduction of diffusion strength enhances edge sharpness and structural
consistency. Excessive reduction may introduce slight texture discontinuities, whereas larger diffusion val-
ues produce smoother but slightly blurred reconstructions. The results confirm that the best trade-off between
smoothing and edge preservation is obtained for intermediate β values.

4.2.3. Convergence behavior
The convergence criterion ∥Ik+1−Ik∥2

∥Ik∥2
< 10−6 was satisfied in all experiments within fewer than 300

iterations. No instability was observed within the tested parameter ranges, confirming the numerical robustness
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of the adaptive transport–diffusion coupling.

4.3. Qualitative evaluation
For qualitative evaluation, three test images (IDs: 38092, 170057, 295087) were analyzed under the

Mask1 and Mask2 configurations. Figures 4 and 5 present representative visual reconstruction results obtained
with the proposed method, in comparison to the trimmed median and adaptive Euler elastica approaches. In
each figure, images from left to right correspond to the corrupted input, the trimmed median inpainting, the
adaptive Euler elastica method, and the proposed method.

Figure 4. Inpainting results for test images 38092, 170057, and 295087. Left to right: corrupted image with
Mask 1, restored by trimmed median, adaptive Euler elastica, and proposed method

Figure 5. Inpainting results for test images 38092, 170057, and 295087. Left to right: corrupted image with
Mask 2, restored by trimmed median, adaptive Euler elastica, and proposed method

Qualitative analysis shows that the proposed method achieves smoother region filling, better edge
continuity, and improved preservation of fine textures and structural details. By contrast, the trimmed median
method often introduces noticeable blurring, particularly in regions with fine structures, while the adaptive Eu-
ler elastica approach may generate minor artifacts in textured areas. Overall, the proposed framework produces
more coherent and visually natural reconstructions, with edges and textures consistently maintained across both
Mask1 and Mask2 scenarios. These qualitative observations align well with the quantitative improvements re-
ported in Table 1, confirming the effectiveness of the proposed approach in preserving structural and textural
fidelity under different masking conditions.
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5. CONCLUSION
In this study, we presented an enhanced edge-aware adaptive PDE-based model for image inpainting.

By refining the balance between transport and diffusion processes through adaptive parameters, our approach
effectively overcomes the blurring artifacts commonly associated with traditional Bertalmio-type models. Ex-
perimental results show consistent improvements in PSNR and SSIM, demonstrating enhanced structural re-
construction and edge preservation compared with the benchmark methods. These quantitative findings are
supported by qualitative visual analysis, which confirms that the proposed method achieves smoother region
filling, better edge continuity, and improved preservation of fine textures and structural details.

Despite these promising results, the proposed method has some limitations. The method is currently
limited to grayscale images, and the number of test images remains relatively restricted. Future work will
explore hybrid approaches that integrate the proposed adaptive PDE framework with deep learning models to
address complex textures and large semantic gaps in high-resolution images. Extending the framework to color
images, increasing the dataset size for more comprehensive validation, and comparing with exemplar-based
methods, PatchMatch, and deep learning-based inpainting are also among our research directions.
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