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Abstract: Image inpainting is used when part of an image is missing or damaged. In live-captured images, this is harder because
the defect shape is not always regular. The repaired part should look like it belongs to the same image. This work proposes a real-
time defect removal and mask-guided image inpainting framework for such images. A pretrained Large Mask Inpainting (LaMa)
model is used as the base inpainter. LaMa is first adapted using the Landscape dataset. Small adapter layers are then trained with
Mask-Aware Bilevel Hypergradient Optimization (MABHO) to improve the repaired region. The output is checked with full-image
scores and masked-region scores. The proposed Masked Region Restoration Quality Loss (MRQL) score is also used to measure
the repair quality inside the damaged area. Training and 5-fold cross-validation use 300 Landscape images. For external validation,
150-180 Intel images are used. Real-time testing is done on 15 camera-captured images. Compared with the frozen LaMa baseline
on the Landscape dataset, Peak Signal-to-Noise Ratio (PSNR) increases from 20.96 to 22.84 dB, and Structural Similarity Index
Measure (SSIM) increases from 0.811 to 0.864. Learned Perceptual Image Patch Similarity (LPIPS) decreases from 0.184 to 0.129.
The framework further achieves 20.72 dB Masked-PSNR, 0.823 Masked-SSIM, and 0.884 MRQL. These results show that the
proposed method supports practical defect-aware restoration for live-captured images.

Keywords: Image inpainting; mask-guided inpainting; LaMa; adapter-based refinement; Mask-Aware Bilevel Hypergradient
Optimization; masked-region restoration

1. Introduction

Image inpainting restores missing, damaged, or unwanted parts of an image by using nearby image content [1].
It is useful for removing scratches, stains, small defects, occlusions, and damaged surface regions. Deep learning
improves this task by learning structure, context, and texture patterns from image data [2]. Still, restoration becomes
difficult when the damaged part has an uneven shape, crosses object edges, or lies inside a textured region where both
detail and overall appearance must be kept [3]. The task becomes harder in live-captured images. Such images may
have uneven lighting, slight blur, background clutter, and defects with different shapes. Texture also changes from one
scene to another. So, the model cannot just fill the missing area. The restored part must match nearby edges, local
texture, and the full image appearance. Attention-based, structure-guided, and video-aware methods improve
inpainting quality, but they also increase model size and computation [4]. This leaves a practical gap between offline
inpainting and real-image defect correction.
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Full-image scores do not always show the real quality of the repaired region. PSNR and SSIM are useful, but
they can look good when most of the image remains unchanged. The masked area may still have small errors. This
matters in defect removal because the corrected region is the main area to check. New diffusion-guided and large
inpainting models improve visual quality, but many of them are heavy for lightweight adaptation and practical
inference [5]. So, this work also uses masked-region measures and the proposed MRQL score to check how well the
damaged area is restored and how naturally it blends with nearby texture and structure. Here, LaMa is used as the
base inpainter because it already has image completion ability. It is then adjusted for defect removal using small
adapter layers. MABHO improves these adapter updates, mainly in the repaired region. The final image is checked
with full-image scores, masked-region scores, and the proposed MRQL score. This idea also follows earlier work that
considers both local repair and full-image consistency [6].

The restored image is checked in two parts: the full image and the damaged area. Full-image scores check
whether the whole image looks stable, and masked-region scores check the repaired defect area separately. The
experiments use 5-fold cross-validation, Intel image testing, and camera-captured samples to check the method in
different conditions. The rest of the paper is organized as follows. Section 1.1 gives the related work. Section 1.2
explains the research gap and motivation. Section 2 presents the materials and methods. Section 3 gives the results
and discussion. Section 4 concludes the paper.

1.1 Related Work

Image inpainting has been used for restoring missing, damaged, or unwanted parts of an image. It helps in cases
where scratches, stains, occlusions, surface defects, or unwanted objects affect image quality. Earlier methods mostly
focused on filling missing pixels, but recent work moved toward restoring structure and texture more naturally. This
became important when the missing region was irregular, large, or placed in a visually important area. Because of this,
many studies focused on texture, structure, context, and reconstruction quality under different mask conditions. These
points are also important for real-time defect correction, where the restored image must look natural and the output
must be generated quickly from live-captured inputs.

Image inpainting has changed a lot with deep learning. Earlier work made it clear that a good restored image
should keep the main structure, object edges, and natural flow of the image [1]. Later studies used encoder-decoder
networks, GANSs, attention methods, and transformers to handle irregular holes and complex scenes [2,3]. Some
surveys also discussed video inpainting, where large missing regions, frame consistency, and processing time remained
difficult issues [4]. Diffusion-based editing produced more natural-looking results, but its heavy computation made it
harder to use in real-time settings [5]. These works make one thing clear. A filled patch alone is not enough. The
repaired part must follow the mask and match the nearby image content. It should also be produced fast enough for
real use.

Later methods handled this by using refinement and mask guidance. Local and global refinement helped restore
nearby texture and wider image structure [6]. Mask-guided convolution made the repair focus on the damaged region
[7]. Context-adaptive learning used nearby content while filling the missing part [8]. Wider feature use helped when
the missing area was large [9]. Two-stage methods first gave a rough repair and then improved it [10]. Gated
convolution and mask-aware processing helped separate valid and missing regions [11]. These points show why mask
handling, context, and refinement are needed for defect removal.

GAN-based and structure-focused methods tried to make the filled region look more natural. Adaptive U-Net
GAN used adversarial learning to blend the repaired part with the rest of the image [12]. Dual-resolution GAN worked
with features at different scales, which helped in low-resolution restoration [13]. Uncertainty-based inpainting treated
some missing regions as open-ended, since one hole can have more than one possible repair [14]. Later methods gave
more attention to structure and texture. Sparse self-attention helped capture wider image relations with less attention
cost [15]. Bidirectional flow with joint texture and structure learning supported both fine detail and shape consistency
[16]. Coarse-to-fine learning handled structure first and then refined texture [17]. Dual degradation fusion showed that
restoration becomes harder when missing regions come with other image damage [18]. Hierarchical texture-aware
learning used contextual attention and multiscale fusion to preserve fine texture [19]. Recent work also used
transformers, guidance, and diffusion for harder inpainting cases. Mask-aware transformer methods helped the model
read valid and missing regions more clearly [20]. Diffusion-based methods used extra guidance when the nearby image
content was not enough for proper completion [21]. Sketch-guided inpainting gave more control over the restored
structure [22]. Reference-guided transformers used related visual content to support the repair [23]. Some newer
methods combined mask-aware transformers with diffusion for large missing areas [24]. Prior-based learning also
used wider image context for better restoration [25]. These methods handled difficult missing regions better. Still,
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many of them needed heavy models, extra guidance, or more inference time. This made them less suitable for real-
time defect correction.

Overall, these studies cover texture repair, mask handling, and structure recovery [6—14]. Later work includes
attention-based restoration, structure-texture learning, and multiscale features [15—19]. Transformer and diffusion-
guided methods support difficult missing-region repair [20-25]. Many of these methods still need extra guidance,
more stages, or longer processing time [20—25]. So, a lighter mask-guided method is needed for real images, with
clear repair and lower processing load.

1.2 Research Gap and Motivation

The gap is mainly in live-captured defect correction. Real captured images can have uneven lighting, weak
boundaries, and defect shapes that change from one image to another. A useful method should repair the masked area
clearly, keep the surrounding image stable, and avoid heavy retraining. For this reason, the present work uses
pretrained LaMa with small adapter layers. MABHO is used to update these adapters and improve the damaged region.
This keeps the LaMa backbone fixed while giving task-specific correction for defect removal.

2. Materials and Methods
2.1. Overview of the proposed framework

The approach is designed for defect repair in live-captured images. First, the damaged area is marked using
a mask. The repair is done only in that marked area, and the nearby clear image content is used as guidance. Before
restoration, the image is resized and normalized so that the input format stays the same. The masked image is then
passed to the pretrained LaMa inpainter. Since LaMa already knows image completion, the restoration does not start
from the beginning. Small adapter modules are added for the defect-removal task. The LaMa backbone is kept fixed,
and only the adapter weights are updated. Bilevel hypergradient optimization is used for this adapter update. The
inner step improves the repair on training images. The outer step checks that update using the final restoration loss
and adjusts the adapter again. This helps the model handle different defect shapes with less training. The process
starts with image capture and input preparation. Then the defect mask is created, LaMa restores the masked image,
and the adapter improves the restored part. The final image is checked using reconstruction and visual quality
measures. Figure 1 shows the overall architecture, and Figure 2 shows the workflow. The restoration process is
represented as:

L. = Fg ¢ (I, M)

where I,,, denotes the masked input image, Mdenotes the defect mask, F denotes the pretrained LaMa-based
image inpainting model, 8 represents the pretrained model parameters, ¢ represents the trainable adapter
parameters, and I, denotes the restored output image.

The bilevel optimization process for adapter learning can be expressed as
¢" =arg H}gn Louter(6, 0" (Linner))
subject to

¢ (Linner) = argn}gn Linner (6, @)

where L;,,.is the task-level restoration loss used to optimize the adapter within the inpainting model, and L., is
the outer objective that guides the adapter update through hypergradient-based refinement. This way, LaMa is adjusted
for defect removal without training the full model again.

183



Figure 1. Overall architecture of defect removal framework
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2.2 Dataset Description

This study uses three image sources. The Landscape Pictures dataset is used for training and 5-fold cross-
validation. The Intel Image Dataset is used for external validation. A small set of camera-captured images is used for
real-time testing. The dataset details are given in Table 1. Around 300 images are randomly selected from the Kaggle
Landscape Pictures dataset. Each image is resized to 256 x 256 pixels. These images are used for training and testing

the proposed model.

Bilevel Hypergradient

Final Refined Restored Output

Figure. 2. Detailed operational workflow of the proposed framework

Table 1. Dataset configuration used in the study

Dataset source Role in the Number of Usage
study images

Landscape Pictures Main dataset 300 Training and 5-fold cross-
(Kaggle) validation

Intel Image Dataset External 150-180 External validation /
(Kaggle) dataset generalization testing

Camera-clicked live Real-time test 15 Inference and qualitative

images set evaluation only
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Each image is combined with a defect mask to create a damaged input. The same mask method is used in
training and testing to keep the setup consistent. The masked image I,,,is defined as

[, =IO(1-M)
where [ is the original image, Mis the defect mask, and (Odenotes element-wise multiplication.

150-180 images from the Kaggle Intel Image Dataset are used for external validation. These images are used
only for testing. They are not used during training or 5-fold cross-validation. Since the work is on image restoration,
the class labels are not considered. This dataset checks how the trained model works on unseen images. For real-time
testing, 15 camera-captured images are used. The camera-captured images are kept only for inference and visual
checking. This helps note how the model works on real captured inputs. Raw samples from the Landscape, Intel, and
camera-captured images are shown in Figure 3. All images are resized to 256 x 256 pixels before processing. This
keeps the input size the same in all stages.

Raw Images

Landscape Dataset

Intel Dataset

Captured Dataset

Figure 3. Representative raw images from Landscape, Intel, and real-time captured datasets

2.3 Live Image Acquisition and Input Preparation

The framework uses public dataset images and camera-captured images. For real-time testing, images are taken
using a normal digital or mobile camera. Each input image is resized to 256 x 256 pixels, converted to RGB, and
normalized before restoration. This prepares the input for the LaMa-based inpainting model. The preprocessed images
are shown in Figure 4.

Preprocessed Images

Intel Dataset Landscape Dataset

Captured Dataset

Figure 4. Corresponding preprocessed images after resizing and normalization
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Let the prepared input image be represented as

I € R256><256><3

Here, I refers to the prepared RGB image. Once the image is ready, it moves to the next stage, where the defect
mask is created and the restoration process starts. The same input format is used for training, validation, and real-time
testing.

2.4 Defect Region Ildentification and Mask Generation

The defect area is first marked before restoration. For the public dataset, synthetic masks are used so that the
experiment stays the same for all images. For real-time images, the defect region is marked from the captured input
and converted into the same mask format. In both cases, the mask has the same size as the input image. The defect
mask is represented as:

ME{0,1}256X256

where M(x,y) = 1 denotes the defective region and M(x,y) = 0 denotes the valid image region. The
generated mask is given to the pretrained LaMa-based inpainting model along with the prepared image. The model
restores only the masked part, while the nearby valid image content guides the repair.

2.5 Pretrained Inpainter for Image Restoration

The pretrained LaMa inpainter is used for the first restoration. The damaged image and mask are given as input.
The mask marks the repair area, and the clear part of the image guides the filling process. LaMa is already pretrained,
so it reduces training work and gives a stable base. The initial restoration process is shown in Figure 5.

Pretrained LaMa-Based Inpainter Framework

Masked Image + Binary Mask

}

Encoder-Based Feature Extraction
Contextual Feature Reconstruction
D der-B d Image Sy

4

Coarse Restored Output

oy e T W Oy

Figure 5. Pretrained LaMa-based inpainter framework

LaMa is kept as the base inpainter. Adapter learning gives the task-specific correction. Bilevel hypergradient
optimization improves the adapter update. These steps help the restoration work for real-time defect removal, while
the LaMa backbone stays unchanged.

2.6 MABHO: Mask-Aware Bilevel Hypergradient Optimization

Lightweight adapters are added to the pretrained LaMa inpainter. The main LaMa backbone is not trained again.
Only the adapter layers are trained for defect removal. This keeps the training load low and still allows small changes
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for the damaged region. The adapters mainly learn how to correct the masked part and match it with the nearby image
content. MABHO is used for this adapter update. In the inner stage, the adapter learns from the restoration loss on
training images. In the outer stage, the same update is checked again using hypergradient values. This helps the adapter
update move in a better direction. The complete MABHO pipeline is shown in Figure 6.

Input Defective Image

Defect Region Identification and Binary
Mask Generation

+
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¥
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Backbone
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Lightweight Adapter Module Insertion
t
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¥

Outer-Level Hypergradient Update
¥

+

- . ) S - e @y O

Output Restored Image

Figure 6. MABHO end-to-end restoration workflow

MABHO checks how the adapter changes after the inner update. Based on this check, the adapter parameters
are adjusted again for better defect repair. The hypergradient-based update is written as:

JL a¢’
v<I>Louter = %&er %

Here, ¢ is the adapter setting before the inner update, and @' is the setting after the inner update. This shows
how the adapter change affects the final restoration loss. The adapter is then updated using this value.

2.7 Loss Functions and Optimization Objectives

The adapters are trained using restoration loss. This loss checks the difference between the restored image and
the clean image. Pixel loss helps recover the masked part with proper intensity and content. SSIM loss helps keep the
local structure close to the original image. The total restoration loss is written as:

Lreat = AlLrec + Azﬁséim
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where L. denotes the reconstruction loss, Lggm, denotes the structural similarity loss, and 4, and 4, are
weighting factors used to balance their contributions. The inner step trains the adapter with restoration loss. The outer
step checks that update and corrects it if needed. This helps the restored image improve without training the full LaMa
model again.

2.8 Proposed Algorithm

Algorithm 1 shows the restoration steps. The image is first prepared, and the defect mask is created. The masked
image is restored using pretrained LaMa. Then the adapter is adjusted through MABHO for better repair.

Algorithm 1: Proposed real-time defect removal and mask-guided image inpainting framework

Algorithm 1 Proposed restoration process
Input: I, M

Output: [,

Step 1: Read the input image [.

Step 2: Resize and normalize the image.

Step 3: Generate the defect mask M.

Step 4: Prepare the masked image.

Step 5: Feed the masked image and mask to the pretrained LaMa-based inpainter.
Step 6: Insert adapter-based refinement.

Step 7: Apply inner restoration update.

Step 8: Compute hypergradient-based outer update.
Step 9: Refine adapter parameters using MABHO.
Step 10: Produce restored image I,..

Step 11: Evaluate the restored output

2.9 Implementation Details and Real-Time Restoration Flow

The implementation is carried out in Python with PyTorch on Google Colab. A pretrained Large Mask
Inpainting (LaMa) inpainter is used, and small adapter layers are added to it. During restoration, only the masked
defect area is changed, while the remaining part of the image is kept unchanged. Table 2 gives the hyperparameter
settings. The restored image is checked using quality, masked-region, and speed measures. The quality measures used
are Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM), and Learned Perceptual Image
Patch Similarity (LPIPS). The masked-region measures include Masked-PSNR, Masked-SSIM, and Masked Region
Restoration Quality Loss (MRQL). Latency and Frames Per Second (FPS) are used to check real-time performance.

Peak Signal-to-Noise Ratio (PSNR): This metric checks the pixel-level difference between the restored image

and the reference image. It is defined as:
PSNR =101 MAX®
= 0810 MSE

Here, MAX is the highest pixel value. MSE is the mean squared error between the restored image and the
reference image.

Table 2. Hyperparameter settings used in the proposed framework

Parameter Value Purpose

Input image size 256 x 256 Uniform model input

Number of training images 300 Main training and 5-fold cross-validation
Number of external test images 150-180 External validation
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Number of real-time test images 15 Practical inference evaluation
Number of folds 5 Cross-validation

Batch size 8 Training mini-batch size
Number of epochs 50 Model training

Optimizer Adam Parameter update

Learning rate 0.0001 Base optimization step size
Adapter learning rate 0.0001 Adapter refinement
Reconstruction loss weight (\lambda_1) 1 Pixel-level restoration term
SSIM loss weight (\lambda_2) 0.5 Structural consistency term
Early stopping patience 10 Prevent overtraining

Structural Similarity Index Measure (SSIM): SSIM checks how close the restored image structure is to the
reference image. It looks at luminance, contrast, and structure. A higher SSIM value means the restored image keeps
the structure better. It is given by:

(2pepy + €1) (204, + C,)

SSIM (x, =
() (2 +p2 + Cy) (02 + 02 + C,)

where x and y represent the reference and restored images, 4 denotes mean intensity, odenotes variance, and
o,ydenotes covariance.

Learned Perceptual Image Patch Similarity (LPIPS): LPIPS checks visual similarity using deep image features.
Pixel scores may miss some visual differences, so LPIPS is also used. A lower LPIPS value means the restored image
looks closer to the reference image. It is expressed as:

1 —_
LPIPS = thz Wi © (Vi = Vi) 13
W

where ldenotes the feature layer, H;and W;denote spatial dimensions, and w;denotes the learned channel
weights.

Masked Peak Signal-to-Noise Ratio (Masked-PSNR): Masked-PSNR is calculated only on the defect area.
This is used because the model changes only the masked part. A higher value means the repair is better in that area. It
is defined as:

MAX?
MPSNR = 10logy,

MSEy,
where MSE ) denotes the mean squared error computed only over the masked region.

Masked Structural Similarity Index Measure (Masked-SSIM): Masked-SSIM checks structure only in the
repaired defect area. It compares that part with the same region in the reference image. A higher value means the
structure is preserved better. It is written as:

MSSIM = SSIM (X, Vir)
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where xj,and y,,denote the masked-region patches from the reference and restored images.

Latency: Latency is the time taken to restore one input image. It shows how fast the framework gives the
output. Lower latency means faster restoration. It is computed as:

Latency = tyy: — tin
where t;,,is the input time and ¢,,,is the output generation time.

Frames Per Second (FPS): FPS shows how many images are restored in one second. A higher FPS value
means the method runs faster and is more suitable for real-time use. It is given by:

FPS—N
T

where Nis the number of processed images and Tis the total processing time.

Masked Region Restoration Quality Loss (MRQL) Score: MRQL is used to check the repaired mask region
in one combined score. It includes masked-region quality, structure preservation, and visual similarity. It is defined
as:

MRQL = a - MPSNR,,ym + B - MSSIM + vy - (1 — LPIPS)
Subject to

a+ f+y=1

where MPSNR,,,mdenotes the normalized Masked-PSNR, MSSIM denotes the Masked-SSIM, and «a, 3,
and yare weighting coefficients. A higher MRQL score means better repair inside the masked region. These metrics
check the output from different sides: pixel match, structure, visual quality, repaired-region quality, and real-time
speed.

3. Results and Discussion

3.1 Experimental Setup and Protocol

Training is carried out for 50 epochs with batch size 8. Adam optimizer is used with a learning rate of 0.0001,
and early stopping patience is set to 10. Latency and Frames Per Second (FPS) are measured using batch-size-one
inference.

3.2 Quantitative performance

Full-image quality is checked using Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index Measure
(SSIM), and Learned Perceptual Image Patch Similarity (LPIPS). The values are shown in Table 3.

Table 3. Full-image restoration performance on the Landscape dataset

Method Peak Signal-to- Structural Similarity Learned Perceptual Image
Noise Ratio (dB) Index Measure Patch Similarity

Frozen LaMa 20.96 0.811 0.184

baseline

Proposed 22.84 0.864 0.129

framework
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Masked-Region Evaluation: The defect area is checked separately using only the masked pixels. For this part,
Masked Peak Signal-to-Noise Ratio (Masked-PSNR), Masked Structural Similarity Index Measure (Masked-SSIM),
and the proposed Masked Region Restoration Quality Loss (MRQL) are used. The results are shown in Table 4.

Table 4. Masked-region restoration performance on the Landscape dataset

Method Masked Peak Signal-to- Masked Structural Similarity MRQL
Noise Ratio (dB) Index Measure Score

Frozen LaMa 17.84 0.746 0.781

baseline

Proposed 20.72 0.823 0.884

framework

The total loss starts at about 1.82 in the first epoch and reaches 0.48 by epoch 50, as shown in Figure 7. It drops
fast at first. Later, the decrease becomes slow and steady. The curve does not show major jumps, so the training
remains stable.

Total Loss Convergence
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Figure 7. Total training loss convergence of the proposed MABHO framework across 50 epochs

Pixel Loss and Structural Loss Behaviour: The training pixel loss starts at about 1.08 in the first epoch and
reaches 0.18 by epoch 50, as shown in Figure 8. It drops quickly in the early epochs. Later, the curve becomes slow
and steady. This shows stable pixel-level reconstruction without large changes in the loss.
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Figure 8. Training pixel loss convergence of the proposed

MABHO framework across 50 epochs.
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The training structural loss starts at about 0.74 in the first epoch and reaches 0.22 by epoch 50, as shown in
Figure 9. The curve decreases slowly and stays stable during training. This shows steady improvement in structural
restoration.
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Figure 9. Training structural loss convergence of the proposed

MABHO framework across 50 epochs

3.3 Qualitative Performance

Figure 10 shows the restoration steps. It starts with the masked input and defect mask. The frozen LaMa model
gives the first restored output. Adapter insertion and inner-outer optimization are then applied. After the adapter
parameters are updated, the final restored image is generated. This stepwise view shows how MABHO improves the
initial LaMa output.

Stepwise Visual lllustration of the Proposed MABHO-Based Restoration Process

Masked Input Image Binary Defect Mask Frozen Pretrained LaMa-Based i Li i Insertion

e\t e
e NS

ed Restored Output

Updated Adapter Parameters Outer Hypergradient Optimization Inner Optimization
N o

BRSS

Figure 10. Stepwise MABHO-based restoration from masked input to final output

Multi-Sample Visual Comparison: Figure 11 shows sample Landscape results. Each row shows the masked
image, mask, frozen LaMa result, and final output. The frozen LaMa output looks rough in some places and too smooth
in others. The proposed output keeps the texture closer to the nearby area. The colour also matches better, and the
repaired part looks less visible.

Failure Cases and Error Analysis: Some samples still do not restore perfectly, as shown in Figure 12. This
happens mainly when the mask is large, the texture repeats, the lighting changes, or the boundary is weak. In Case 1,
the mask covers a large structural part, so the model has less nearby context to use. In Case 2, repeated texture makes
the repair confusing. In Case 3, lighting change and weak boundary detail make blending harder. These cases show
that the result depends on mask size, texture pattern, and local image appearance.

192



Landscape Dataset

Masked Input Binary Defect Mask Frozen LaMa Output Final Proposed Output
W
%

b %
!

Figure 11. Multi-sample qualitative comparison on Landscape dataset images

Failure Cases and Error Analysis of the Proposed Restoration Framework

Masked Input Failure Output
Sample 1

Case 1. Large missing region causing incomplete structural recovery

Sample 2

Case 2: Repeated texture region leading to weak local consistency

Sample 3

Case 3: lllumination and boundary mismatch affecting smooth blending

Figure 12. Failure cases of the proposed restoration framework
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3.4 Ablation Study

The ablation study checks how each part affects the result. Table 5 compares the frozen LaMa baseline, adapter
use, bilevel optimization, and the full framework. The baseline gives weaker repair in the masked region. The adapter
improves the local repair, and bilevel optimization improves it further. The full framework gives the best masked-
region result with only a small latency increase. Figure 13 shows this improvement step by step.

Table 5. Ablation study of the proposed framework on the Landscape dataset

Variant Masked- Masked- LPIPS MRQL Latency FPS
PSNR SSIM (ms)
(dB)
Frozen LaMa 17.84 0.746 0.184 0.781 38.4 26
baseline
LaMa + Adapter 18.91 0.782 0.161 0.828 42.7 234
LaMa + Adapter + 20.11 0.811 0.141 0.866 47.9 20.9
Bilevel
Optimization
Proposed full 20.72 0.823 0.129 0.884 49.6 20.2
framework

Metric Value

Ablation Comparison of MRQL and Masked-SSIM Across Framework Variants
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Figure 13. Ablation comparison of MRQL and Masked-SSIM across framework variants

3.5 Cross-Validation and External Validation

5-Fold Cross-Validation: The framework is tested using 5-fold cross-validation on the Landscape dataset. Table
6 shows that the scores are almost stable across the five folds. The average values are 22.84 + 0.13 dB PSNR, 0.864
+0.005 SSIM, 0.129 + 0.004 LPIPS, 20.72 + 0.17 dB Masked-PSNR, 0.823 + 0.007 Masked-SSIM, and 0.884 + 0.008
MRQL. Figure 14 shows that MRQL and stays steady across the five folds.

Table 6. Fold-wise 5-fold cross-validation results on the Landscape dataset

Fold PSNR SSIM LPIPS Masked- Masked- MRQL
(dB) PSNR (dB) SSIM

Fold 1 22.66 0.857 0.135 20.5 0.814 0.874

Fold 2 22.78 0.861 0.131 20.64 0.819 0.88

Fold 3 22.84 0.864 0.129 20.72 0.823 0.884

Fold 4 22.9 0.867 0.127 20.8 0.827 0.888

Fold 5 23.02 0.871 0.123 20.94 0.832 0.894
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Mean +
Std

22.84
0.13

0.864 +
0.005

0.129 =
0.004

20.72 £0.17

0.823 +
0.007

0.884 £
0.008

External Validation: External validation is done on 150—180 unseen Intel images from Kaggle. These images
are not used for training or cross-validation. Table 7 shows that the proposed method performs better than the frozen
LaMa baseline. It gets 21.94 dB PSNR, 0.848 SSIM, and 0.138 LPIPS. The baseline gets 20.21 dB PSNR, 0.796
SSIM, and 0.192 LPIPS. For the masked region, the scores improve from 17.08 dB to 19.86 dB in Masked-PSNR,
from 0.731 to 0.807 in Masked-SSIM, and from 0.768 to 0.867 in MRQL. This shows that the method also works on
unseen images.

MRQL Across the Five Cross-Validation Folds

0.900

0.895

0.890

0.880

MRQL

0.875

0.870

0.865

0.860
Fold 1

Fold 2

Fold 3

Fold 4

Cross-Validation Folds

0.894

Fold 5

Figure 14. MRQL across five cross-validation folds

Table 7. External validation results on the Intel dataset

Method PSNR SSIM LPIPS Masked- Masked- MRQL
(dB) PSNR (dB) SSIM
Frozen LaMa 20.21 0.796 0.192 17.08 0.731 0.768
baseline
Proposed 21.94 0.848 0.138 19.86 0.807 0.867
framework

Figure 15 shows the visual results on unseen Intel images. The frozen LaMa output is too smooth in some
repaired areas. The proposed output keeps the scene structure better. The repaired part also blends more naturally with
the nearby image content.

Representative External Validation Results on Intel Dataset

Masked Input

Frozen LaMa Output

Sample 1

Final Proposed Output(MABHO)

Sample 3

Figure 15. Representative qualitative results on unseen Intel images.
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Real-time testing uses 15 camera-captured images. These images are used only for inference with batch size
one. Table 8 shows that the proposed framework takes 49.6 + 2.4 ms and gives 20.2 £ 1.0 FPS. The frozen LaMa
baseline takes 36.8 £ 1.9 ms and gives 27.2 + 1.4 FPS. The proposed method is a little slower, but the repaired area
looks better in camera-captured images, as shown in Figure 16.

Table 8. Real-time inference performance on 15 camera-captured images

Method Latency (ms) FPS
Frozen LaMa baseline 36.8+1.9 272+1.4
Proposed framework 49.6+24 20.2+1.0

Representative Real-Time Restoration Results on Camera-Captured Images

Sample 1 sample 2
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Figure 16. Representative real-time qualitative results on camera-captured images

Comparative Benchmark Analysis: The proposed framework is compared with five recent inpainting methods:
HINT [20], MMGlInpainting [21], MATdiff [24], adaptive prior and long-range dependency-based learning [25], and
hierarchical texture-aware inpainting [19]. These methods use different ideas such as transformers, diffusion guidance,
long-range context, and texture-aware repair. This comparison is used only as a reference because the datasets, masks,
and protocols are different. Table 9 gives the reference comparison. On the Landscape dataset, the proposed framework
records 22.84 dB PSNR, 0.864 SSIM, 0.129 LPIPS, 20.72 dB Masked-PSNR, 0.823 Masked-SSIM, and 0.884 MRQL.
These scores show that the proposed method gives good repair quality, mainly for the damaged region and real-time
defect correction.
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Table 9. Benchmark comparison with recent image inpainting methods

Ref. Method Y Dataset PSN SSI LPI Other Runti
ea / setting R M PS reporte me
r d result
[20] HINT 20 CelebA 24.1 0.8 0.1 FID = 125
24 -HQ, 287 241 449 5.6179 ms/im
large age
masks
(40—
60%)
[21] MMG 20 Multi- — — — Diffusi Repor
Inpaintin 24 modalit on- ted as
g y based faster
guided multim than
diffusio odal prior
n guidanc diffusi
inpainti e for on-
ng semanti style
c design
comple s in
tion access
ible
summ
ary
[24] MATdiff 20 CelebA — — — Improv —
26 -HQ, es over
large- MAT
mask by
inpainti 5.94%
ng in FID,
3.13%
in
LPIPS,
18.75%
in P-
IDS,
and
5.14%
in U-
IDS
[25] Adaptive 20 Image — — — Adapti —
prior and 25 inpainti ve prior
long- ng learnin
range benchm g with
depende arks long-
ncy- range
based depend
learners ency
modeli
ng
[19] Hierarchi 20 Texture — — — Texture —
cal 26 -aware -aware
texture- image restorat
aware inpainti ion
image ng with
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hypergra -SSIM

dient =

optimizat 0.823,

ion MRQL
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3.6 Discussion

The analysis shows a few limits in the present framework. The result depends on the mask boundary. If the
mask is too narrow, small defect traces may remain. If the mask is too large, the repaired area may become slightly
smooth. Similar mask-related issues are seen in MagConv [7] and HINT [20]. Large damaged regions, repeated
textures, and thin structures are also difficult to restore. These cases may cause texture mismatch, weak edges, or less
natural blending. Similar problems are seen in texture-aware and transformer-diffusion methods [19], [24]. MABHO
needs a proper balance between pixel loss and structural loss. A poor balance may make the output too smooth or
create small artifacts near irregular masks. Related local and global trade-offs are discussed in context-adaptive and
dependency-aware methods [8], [25]. The study also has dataset limits. Training uses a limited number of Landscape
images, and the camera-captured test set is small. Intel and camera-captured images also differ from Landscape images
in lighting, texture, and defect patterns. This makes cross-dataset testing harder. Similar domain sensitivity is noted in
multimodal and diffusion-guided methods [21]. These limits show that the framework is mainly affected by mask
boundaries, difficult scene content, loss balance, and dataset variation.

4. Conclusions

This work proposes a real-time defect removal framework for live-captured images. It uses mask-guided
inpainting with pretrained Large Mask Inpainting (LaMa), adapter refinement, and Mask-Aware Bilevel
Hypergradient Optimization (MABHO). The method repairs the damaged region and keeps the remaining image
content unchanged. On the Landscape dataset, the method gives 22.84 dB PSNR, 0.864 SSIM, and 0.129 LPIPS. For
the masked region, it gives 20.72 dB Masked-PSNR, 0.823 Masked-SSIM, and 0.884 MRQL. The 5-fold cross-
validation results stay close across the folds. The Intel image test shows that the method works on unseen images. The
camera-captured test also shows that the method can run with batch-size-one inference. The method gives better repair
in the defect region and keeps the image stable. It still has difficulty with mask quality, large missing areas, texture
changes, and computation time. Future work can improve these parts and make the method more useful for wider real-
image use.
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