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Abstract

This paper provides a comprehensive analysis of several neural network architectures
designed for the detection of generative image inpainting. The central challenge addressed is
the increasing sophistication of inpainting technologies, driven by generative AI, which
renders traditional forensic methods based on simple statistical or visual artifacts obsolete.
This paper investigates a feature-centric hypothesis: that visually seamless inpainting
manipulations introduce consistent, subtle, and detectable artifacts in specific high-frequency
and statistical domains. The primary domain of interest is the feature space defined by the
Dual-Tree Complex Wavelet Transform (DTCWT).

The core of this report details the methodology and evaluation of six novel deep learning
architectures, each custom-designed to operate on these wavelet-domain features. These
architectures explore diverse design philosophies, including dense feature aggregation
(Custom UNet++), explicit global context integration (UNet++ with Global Average),
recurrent spatial modeling (ConvLSTM), unsupervised generative anomaly detection
(Variational Autoencoder), and channel-specific processing (StackDeepAll).

A rigorous experimental evaluation was conducted on a custom inpainting detection dataset.
The quantitative results demonstrate the clear superiority of the StackDeepAll architecture.
This model, which processes each of the 12 DTCWT channels through independent, parallel
UNet-like encoders before fusion, achieved a state-of-the-art Intersection over Union (IoU) of
0.8126 in validation. This result significantly surpassed all other proposed models, including
a stable Variational Autoencoder (0.3711 IoU) and overfitting-prone ConvLSTM models
(0.4514 IoU). The findings establish that for high-dimensional, engineered features like
complex wavelets, a channel-specific processing paradigm that avoids premature feature-
blending is a powerful and highly effective design strategy. This feature-centric approach is
validated as a potent alternative to contemporary end-to-end spatial-domain models.

Keywords: image inpainting; forgery detection; digital image forensics; wavelet-domain
features; deep neural architectures; Dual-Tree Complex Wavelet Transform
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1 Introduction

The field of digital forensics is in a constant state of escalation against the rapid
advancement of digital media manipulation. In recent years, the “accelerated progress
of inpainting technologies” [1] has created an “urgent need for robust forgery detection
methods” [2, 3]. Driven by powerful generative Al tools, including Generative
Adversarial Networks (GANs) and modern diffusion models, image inpainting, the
process of reconstructing missing or removing undesired regions in an image, has
evolved from a simple restoration tool into a sophisticated method for creating “highly
realistic” or “photorealistic” alterations [2, 3].

These advanced techniques, capable of synthesizing semantically coherent and
contextually appropriate content, now “challenge traditional forensic tools” [1].
Conventional detection methods, which traditionally rely on identifying discernible
artifacts such as blurring, color inconsistencies, or unnatural edges, are progressively
failing. As the generative models producing these manipulations become more
“unprecedented[1] realistic”, the “visible signs” of tampering are effectively erased,
forcing the forensic community to seek out new, more subtle forensic signals [4, 5].
The failure of traditional methods necessitates a deeper investigation into the
fundamental artifacts introduced by inpainting, even by the most advanced generative
models. An extensive evaluation revealed that while classical inpainting techniques,
such as diffusion-based or patch-based algorithms, are “relatively easy to detect,”
images altered using modern machine learning-based methods present a “greater
challenge” [1]. On these challenging datasets, even the most effective conventional
detection methods were found to achieve an average Intersection over Union (IoU) and
F1 score below 35%, highlighting a significant capability gap [1].

However, this analysis also revealed that inpainting artifacts, while visually
imperceptible, are not non-existent. Instead, they manifest subtle but “statistically
significant deviations in the texture’s structure” [1]. This finding motivated an
exploration of feature domains specifically sensitive to such structural and textural
irregularities. This exploration identified three key forensic signals: complex wavelets,
semantic segmentation, and the analysis of noise level inconsistencies [1].

Based on this hypothesis, a novel classical (non-machine learning) detection method
was developed, which integrated these three signals. By performing semantic
segmentation, extracting complex wavelet features, and analyzing noise inconsistencies
at a segmental level, this classical algorithm was able to achieve an overall IoU of
approximately 53% [1]. This result, while a significant improvement over the 35%
baseline, represents a performance “ceiling” for rigid, statistical-based algorithms. Such
algorithms, while effective, lack the capacity to learn the complex, non-linear
relationships and high-dimensional correlations that define these subtle generative
artifacts.

This leads to the central premise of the work detailed in this report: to break this 53%
performance ceiling, a deep neural network is required. The hypothesis is that a deep
learning model, with its inherent ability to learn complex hierarchical patterns, can more
effectively model and detect these subtle wavelet-domain and noise-domain artifacts
than any manually engineered statistical algorithm.

This paper presents the culmination of this feature-centric hypothesis: the design,
implementation, and rigorous evaluation of six novel, custom-built neural network
architectures. These architectures are not generic, end-to-end spatial-domain models.
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They are specialized; purpose-built systems specifically designed to ingest and process
high-dimensional, frequency-domain features—primarily the 12-channel coefficients
of the Dual-Tree Complex Wavelet Transform (DTCWT). The objective is to determine
which architectural philosophy is best suited for exploiting this complex feature space.
The contributions of this paper are as follows:

e A comprehensive review of the current (2023-2025) state-of-the-art in
inpainting forgery detection, identifying key trends in dataset creation and
detection model paradigms.

e A detailed methodological breakdown of six novel, custom neural network
architectures, each representing a different approach to processing wavelet-
domain features (e.g., dense aggregation, recurrent modeling, unsupervised
generative detection, and channel-specific processing).

e A quantitative experimental evaluation of these six architectures on a custom
inpainting dataset, using Intersection over Union (IoU) as the primary
performance metric.

e A deep analysis of the results, leading to the identification of the optimal
architecture (StackDeepAll) and providing a data-driven explanation for its
success, while also diagnosing the failures of alternative designs.

e A concluding discussion that contextualizes these findings within the broader
SOTA landscape, validating the power of a feature-centric design philosophy
as a potent alternative to purely end-to-end approaches.

2 State-of-the-Art in Inpainting Forgery Detection

Before detailing the proposed architectures, it is essential to contextualize this work
within the current (2023-2025) research landscape. The field is evolving rapidly, with
two dominant trends: a “dataset arms race” to address the realism gap, and a “paradigm
shift” in detection models to fight generative Al with its own tools.

2.1 Baseline Methods

The application of deep learning to image forgery detection was popularized by several
foundational models. Architectures such as ManTra-Net [6] and IID-Net [7] were
seminal in demonstrating that deep convolutional neural networks could learn to
identify a wide range of manipulation artifacts, moving beyond handcrafted features.
These models serve as important baselines and established the core task as a pixel-level
segmentation problem.

2.2 The Dataset Realism Gap

A significant theme dominating recent literature is the explicit recognition that existing
forgery detection datasets are no longer sufficient. It is now widely accepted that
“current datasets... are limited in scale and diversity” [2, 3] and that “none of the
existing datasets have sufficient size, realism and pixel-level labeling at the same time”
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[5]. This deficit is a critical bottleneck for research, as models trained on older, less
realistic datasets fail to generalize to modern, generative inpainting.
This problem is exacerbated by the infeasibility of manual dataset creation; as one
research group noted, it “can take hours for an image editing expert to manipulate just
one image” [5].
In response, the SOTA has seen the introduction of several large-scale, automated, and
highly realistic benchmarks:

e DiQulD: A massive dataset comprising over 95,000 inpainted images. Its

methodology is particularly novel, featuring:

— Semantically Aligned Object Replacement (SAOR): Uses instance
segmentation to identify objects and generates contextually appropriate text-to-
image prompts for their replacement.

— Multiple Model Image Inpainting (MMII): Employs various state-of-the-art
inpainting pipelines, primarily based on diffusion models, to create diverse
manipulations [2, 3].

e COCOInpaint: Another large-scale benchmark containing 258,266 inpainted
images. It is explicitly designed to test generalization by using six different
SOTA inpainting models and four distinct mask generation strategies, including
optional text guidance [7].

e CIMD: A benchmark created specifically for “Challenging” Image
Manipulation Detection. Its subsets focus on two notoriously difficult
scenarios: the detection of “small tampered regions” and forgeries subjected to
double compression with identical quality factors [8].

e DIS25k: A dataset generated using SOTA image composition models, rather
than just inpainting. The goal is to produce spliced images that are “close to the
quality of real-life manipulations” and are demonstrably “more difficult to
detect” [5].

The emergence of these datasets signifies a major shift in the field. Performance is no
longer measured against simple, academic examples. Any new detection method
proposed today must demonstrate its efficacy against these large-scale, diverse, and
diffusion-based benchmarks to be considered a viable SOTA contender. The most
critical SOTA development (2023-2025) is the pivot in detection methodology. As
inpainting models have achieved “unprecedented realism”, traditional detection models
that search for “visible signs” or simple statistical artifacts are failing [4].

The new philosophy is that only a model with a deep, generative understanding of how
an image is formed can reliably detect a generative forgery. This has led to the
development of detection methods that are themselves based on diffusion models.

e InpDiffusion: This method “propose[s] a new paradigm that treats IIL (Image
Inpainting Localization) as a conditional mask generation task”. Instead of a
discriminative segmentation, it uses a conditional denoising process, enhanced
by image semantic and edge conditions, to “progressively refine predictions”.
This approach is explicitly designed to tackle two of the hardest challenges:
model “overconfidence” and the detection of “subtle tampering boundaries™ [4].
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e End4 / UpDM: This work is cited as the first to “update the diffusion
reconstruction model for the forgery detection task™. It trains a model with a
“noise-prediction objective” and leverages ‘“‘one-step denoising.” This
technique is reported to “better align the latent spaces of reconstruction and
detection” than previous reconstruction-based methods (like VAEs or
autoencoders). The authors claim this method “significantly outperform[s]”
other approaches, especially on diffusion-based inpainting forgeries [9].

Alongside the diffusion-based paradigm, other advanced deep learning techniques are
being explored:

e FOCAL: Employs “contrastive learning and unsupervised clustering” to help
the model learn a better feature space for differentiating forged and authentic
regions [10].

e TruFor & MMFusion: MMFusion is an extension of the TruFor model. It acts
as a “fusion architecture” that explicitly combines semantic (high-level)
artifacts with low-level artifacts, using “more filter convolutions” to enhance
the signal from both streams [11].

e SegFormer: A Transformer-based model noted for its simple and-efficient
design for semantic segmentation, which has been identified as a strong and
relevant architecture for the pixellevel localization task required by forgery
detection [12].

3 Proposed Neural Network Architectures for Wavelet-
Domain Detection

This section presents the core technical contribution of this work: an exhaustive analysis
of the six custom neural network architectures. These architectures were not developed
in a vacuum; they are the direct result of the feature-centric hypothesis established in
Section 1.2. Each architecture represents a different strategy for processing high-
dimensional, wavelet-domain features to detect inpainting.

3.1 Foundational Input: Dual-Tree Complex Wavelet Coefficients
(DTCWT)

With the exception of the Variational Autoencoder (which also uses a related feature
set), the proposed architectures are all designed to accept a specific, engineered input.
This input is the 12-channel output of a first-level Dual-Tree Complex Wavelet
Transform (DTCWT) decomposition [1].
This 12-channel tensor is composed of:
e 6 channels of real coefficients

e 6 channels of imaginary coefficients

Together, these coefficients represent the image’s high-frequency information,
separated into six distinct directional orientations (*15-, #45-, and +75-). This input
is hypothesized to be an ideal forensic signal, as it captures the “localized directional
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information” and “fine-grained anomalies” in texture and structure that are the
hallmarks of inpainting artifacts [1]. The challenge, therefore, is not finding the
signal, but processing this high-dimensional (12-channel) and sparse feature
representation effectively.

3.2 Architecture 1: Custom UNet++ (MyUnetPlusPlus)

= YL‘MD

Figure IMyUnetPlusPlusDecoder

This architecture serves as the baseline, adapting the well-established UNet++
framework to the novel 12-channel wavelet input.

e Methodology:

— Encoder: The encoder is flexible, designed to use a pre-trained backbone from
the timm library (e.g., ResNet, EfficientNet, DenseNet). This backbone is
adapted to accept the 12-channel DTCWT coefficient tensor as its input [1].

— Decoder: Two decoder variants are proposed to process the features from the
encoder:

1. MyUnetPlusPlusDecoder (Figure 1): This decoder implements the
“classical dense skip connections” characteristic of the Unet++
framework. This design philosophy is built on feature re-use and
aggregation, allowing the network to “preserve fine details while
incorporating high-level context” from different scales of the encoder
[1].

2. MyMAnetDecoder (Figure 2): This is an enhanced decoder variant
that integrates “additional attention mechanisms”. Specifically, it
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incorporates a “Multi-Scale Fusion Attention Block (MFAB)”
designed to learn to “emphasize important features while suppressing
irrelevant ones” [1].

e Strengths: The primary strength of this design is its explicit intent to “exploit
the hierarchical structure of DTCWT coefficients”. The dense skip connections
are, in theory, perfectly suited for a forensic task, as they ensure that fine-
grained, low-level artifact information is not lost during the deep propagation
through the network and is re-combined with high-level semantic context [1].

e Limitations: This architecture suffers from significant, known drawbacks. The
“dense skip connections require storing intermediate feature maps” at all nested
levels, leading to a high computational and memory footprint, which increases
training time. More fundamentally, its performance is entirely contingent on the
assumption “that the wavelet decomposition captures meaningful features™ [1].
If the artifacts are not well-represented in the DTCWT domain, the network will
fail.

Figure 2 MyMAnetDecoder

3.3 Architecture 2: UNet++ with Global Context
(MyUnetPlusPlusWithGlobalAverage)

This architecture is a direct modification of the first, designed to test a specific
hypothesis: will adding explicit global context improve detection accuracy? [1].

e Methodology:

— This model builds directly upon the MyUnetPlusPlus architecture but introduces
a Global Average Pooling (GAP) module at the end of the decoder stream [1].
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As detailed in Figure 3, this GAP module “computes the average response
across spatial dimensions” of the final feature map, collapsing it into a single
global feature vector that represents the “bird’s-eye view” of the image’s
features [1].

This global vector is then “expanded to match the spatial resolution” of the
decoder’s output and is concatenated with the high-resolution feature map just

before the final segmentation head [1].

Strengths: This design is theoretically superior for specific types of forgeries. It
is intended for scenarios “where anomalies are distributed across large portions
of the image” or when “contextual information is critical” for classifying an
artifact. The GAP mechanism is designed to provide this global context and
“avoid overfitting to localized noise or small-scale anomalies” [1].
Limitations: This architecture suffers from a critical, and potentially fatal,
design flaw. While it adds global context, the very act of averaging all spatial
features together risks “diminish[ing] effectiveness”. Inpainting artifacts are, by
nature, often “small or isolated.” The GAP operation may simply “average out”
these subtle forensic signals, effectively blinding the network to the very
evidence it is designed to find [1].

@hlocks.x 00
Iedsdens 1403 253
14 layers o

™ a N
umsa/ \1 Lulslso Lmzd =20 ) Lummo \13 131130//

Figure 3 MyUnetPlusPlusDecoder with GlobalAverage

3.4 Architecture 3 & 4: Recurrent Architectures

This pair of architectures explores a different philosophy: modeling the spatial
relationships between features using recurrent layers [1].
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e Methodology:

— Encoder: An EfficientNet backbone is used for its “parameter efficiency” and
strong feature extraction capabilities [1], as once see in Figure 4.

— Bottleneck: The key innovation resides in the bottleneck. Instead of a standard
convolutional block, a ConvLSTM (Convolutional Long Short-Term Memory)
module is inserted. A ConvLSTM “models spatial dependencies over feature
maps,” allowing it to learn contextual relationships across different parts of the
image, much like an RNN learns dependencies over time [1].

— Decoder: A standard Fully Convolutional Network (FCN) decoder with
upsampling blocks and skip connections is used to reconstruct the segmentation
map [1].

e Methodology (ImprovedEfficientNetFCNConvLSTM, Figure 5):

— This model enhances the base ConvLSTM architecture with two key additions:

1. Channel Attention: A channel attention mechanism is added. This
module dynamically “adjusts the importance of features” by learning
weights for each channel. This is “particularly effective for DTCWT
coefficients,” as the network could, for example, learn that anomalies
are most prominent in the +15- bands and thus “prioritize” those
features [1].

2. Optional Wavelet Preprocessing: An additional decomposition into
low-pass and high-pass components can be applied before the encoder,
providing another layer of frequency-domain analysis [1].

e Strengths: The ConvLSTM module is “crucial for detecting artifacts that may
exhibit global or contextual dependencies”. The Improved version’s attention
mechanism adds a valuable layer of intelligent, data-driven feature
prioritization, making it more robust [1].

e Limitations: Recurrent layers are notoriously resource-intensive. The
ConvLSTM module introduces significant “computational and memory
overhead” because it must maintain hidden and cell states for every spatial
region in the feature map. Furthermore, while ConvLSTM models general
spatial dependencies, it is “less effective at explicitly modeling anisotropic
patterns” (i.t., patterns with a strong directional bias), which is a potential
weakness given the highly directional nature of the DTCWT input [1].
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Figure 5 ImprovedEfficientNet FCN Conv LSTM
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3.5 Architecture 5: Unsupervised Generative Detection (Variational
Autoencoder Architecture)

This architecture represents a fundamental shift in approach, moving from supervised
segmentation to unsupervised, reconstruction-based anomaly detection [1].

e Methodology:

— Feature Extractor: The feature extraction is configurable, supporting either
DTCWT or the Shearlet Transform [1]. Shearlets are noted for providing
“anisotropic analysis,” which is theoretically even more effective for “detecting
directional inconsistencies” in inpainted regions [1].

— Detection Model: A Flexible Variational Autoencoder (VAE) is used as the core
model, detailed in Figure 6 (left and right).

— Detection Principle: The VAE is trained only on authentic (non-forged) features.
It learns to compress and then reconstruct the probabilistic distribution of
“normal” wavelet or shearlet coefficients. When a forged image’s coefficients
are passed through, they “deviate from the learned distribution” of normal data.
The VAE will fail to reconstruct them accurately, resulting in a high
reconstruction error (e.g., Mean Squared Error). This map of reconstruction
errors is the final anomaly segmentation mask [1].

e Strengths: The primary strength is that this method is unsupervised. This makes
it “particularly useful... where labeled anomaly data is scarce”. The use of shift-
invariant feature extractors (DTCWT, Shearlets) provides robustness against
translation [1].

e Limitations: This approach has two major weaknesses. First, the
“computational cost of DTCWT and Shearlet Transforms is significant,”
creating a preprocessing bottleneck. Second, it is highly susceptible to false
negatives. This occurs “when inpainting artifacts closely resemble the
surrounding textures”. If the forgery is “too good,” the VAE’s latent space may
be general enough to simply learn to reconstruct the forgery as if it were
authentic, resulting in a low reconstruction error and a missed detection [1].
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Figure 6 Custom architecture based on Variational Autoencoder and Custom
Variation Autoencoder module

3.6 Architecture 6: The Optimal Model (StackDeepAll: A Stacked
Unet architecture)

This final architecture is built on a “channel-specific processing” philosophy [1].

e Methodology:

— Core Design Philosophy: This architecture is a direct response to the limitations
of models like MyUnetPlusPlus. Instead of feeding all 12 DTCWT channels
into one large encoder (which might “blend” or “average” their unique signals),
this model processes each of the 12 channels independently and in parallel.

Architecture: The model is composed of 12 separate, parallel UNet-like
encoders [1]. Each encoder becomes a specialist for the artifacts present in its
single corresponding channel (e.g., one encoder sees only the +15¢° real channel,
another sees only the —45° imaginary channel, etc.). Each subnet is tasked with

enhancing the forged area signal from its channel [1].
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— Fusion: The high-level feature outputs from all 12 parallel encoders are then
“fused using a shared decoder” (referred to in the abstract as a “supplementary
sub-network” [1]) to generate the final, integrated segmentation map [1].

e Strengths: This ‘“channel-specific processing” is the key to its success. It
“ensures that unique features inherent to each coefficient are retained” and
prevents “premature feature blending” [1]. This allows the model to learn 12
distinct, highly discriminative feature representations from each domain before
fusion, leading to a much richer and more accurate final prediction [1].

e Limitations: The trade-off for this performance is computational cost. The
architecture is “significantly high” in cost due to the necessity of processing 12
independent networks” [1]. It also “lacks early-stage cross-channel interaction,”
meaning it cannot learn correlations between channels (e.g., how the real part
of a band relates to its imaginary part). Finally, “scalability... poses a
challenge,” as adding more feature channels (e.g., from a multi-level wavelet
decomposition) would require linearly adding more parallel networks [1].

4 Experimental Evaluation and Results

This section presents the quantitative validation of the six architectures detailed in
Section 3. The experiment was designed to directly compare the efficacy of these
competing architectural philosophies.

4.1 Experimental Setup

e Dataset: A subset of the author’s custom-developed inpainting dataset was used.
This dataset comprised 1,000 images for training and 1,000 images for
validation.

e Training Protocol: All models were trained for 10 epochs under identical
conditions to ensure a fair comparison.

e Input Features:

— The five supervised architectures (MyUnetPlusPlus, MyUnetPlusPlusWithGA,
both ConvLSTM models, and StackDeepAll) used the 12-channel first-level
DTCWT coefficients as input.

— The unsupervised Variational Autoencoder architecture used scattering
coefficients as its input, a related but distinct frequency-domain feature set.

Metric: The primary evaluation metric for this segmentation task was
Intersection over Union (IoU), which measures the overlap between the
predicted forgery mask and the ground-truth mask.

4.2 Quantitative Results
The comparative performance of all six architectures is presented in Table 1.

© 2025 Lucian Blaga University of Sibiu

213



International Journal of Advanced Statistics and IT&C for Economics and Life Sciences
December 2025* Vol. XV, no. 1

Table 1: Comparative Analysis of Proposed Architectures (Training and Validation

IoU)

Architecture Training IoU | Validation [oU
Unet like architecture (MyUnetPlusPlus) 0.3557 0.2806

Unet with Global averaging 0.3163 0.2523
(MyUnetPlusPlusWithGA)

EfficientNet FCN with LSTM 0.6631 0.4507
ImprovedEfficientNet FCN with LSTM 0.7201 0.4514
Variational Autoencoder architecture 0.3713 0.3711

Stack Unet architecture (StackDeepAll) 0.9101 0.8126

4.3 Analysis of Results

The quantitative data from Table 1 provides a clear and decisive verdict on the relative
success of the six design philosophies.

e StackDeepAll (The Clear Victor): The Stack Unet architecture (StackDeepAll)
is the unambiguous winner, achieving a Validation IoU of 0.8126 [1]. This
result is not only the highest by a massive margin but also achieves the author’s
stated performance goal of > 0.8 IoU. This strongly validates the “channel-
specific processing” hypothesis. While it shows signs of overfitting (0.9101
training loU), its generalization performance is still exceptionally high.

e Variational Autoencoder (The Most Stable): The VAE model is remarkable for
a different reason. Its Training IoU of 0.3713 and Validation IoU of 0.3711 are
virtually identical [1]. This indicates zero effective overfitting. This stability is
a direct result of its unsupervised, generative nature; it is not “memorizing”
forgery masks but rather learning the fundamental distribution of authentic
scattering coefficients. While its absolute performance (0.37 IoU) is mediocre,
its stability suggests it is a highly generalizable and robust model, validating the
unsupervised approach.

e ConvLSTM Models (High Overfitting): The ImprovedEfficientNet FCN with
LSTM achieved the second-best validation performance (0.4514 IoU).
However, both LSTM models exhibit severe overfitting, with the improved
model dropping from 0.7201 to 0.4514. This suggests that the recurrent layers
are “memorizing” spatial-temporal patterns present in the 1,000 training
images, but these complex learned patterns do not generalize well to the unseen
validation set.

e UNet++ Models (The Clear Failures): The baseline Unet like architecture
(MyUnetPlusPlus) performed poorly, achieving only a 0.2806 Validation IoU.
This indicates that simply feeding all 12 channels into a standard U-Net design
is an ineffective strategy.

— Failure of Global Averaging: Most strikingly, the Unet with Global averaging
model performed even worse, achieving only a 0.2523 Validation IoU [1]. This
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quantitatively proves the hypothesis from Section 3.3: the Global Average
Pooling (GAP) module is detrimental. By averaging all spatial features, the
module “averages out” the subtle, localized wavelet artifacts, effectively
destroying the forensic signal and impairing the network’s performance.

5 Discussion

The experimental results provide a clear foundation for a deeper discussion of the
implications of this work, both for the project itself and for the broader field of forensic
detection.
This work’s primary contribution is the design, implementation, and empirical
validation of six novel neural network architectures, each custom-built for the task of
inpainting detection. This involved a thorough “analysis of how different architectures
process anomalies” in diverse datasets and “explored an optimal balance between
processing efficiency and anomaly detection accuracy”. Specific contributions include:
e The pioneering use of a Variational Autoencoder combined with wavelet
scattering coefficients for unsupervised, generative anomaly detection, which
demonstrated exceptional training stability.
e The validation of the StackDeepAll architecture, proving the efficacy of a
“channel-specific” processing pipeline for high-dimensional wavelet features.
e The empirical disproof of a global-context-first approach, demonstrating that
Global Average Pooling is detrimental to this specific task.

The results from Table 1 are not just a leaderboard; they tell a clear story about how to
process high-dimensional, engineered features.

The 12 DTCWT channels are not 12 arbitrary images; they are 12 highly specific,
highfrequency, directional data streams. The MyUnetPlusPlus models, which achieved
a ~ 0.28 IoU, fail because their first layer immediately convolves all 12 channels,
“muddying the waters” and irretrievably blending the unique signals. The network is
forced to find a compromise-feature that is “sort of good” for all 12 channels, but
“expert” at none.

The StackDeepAll model, which achieved a 0.81 IoU, succeeds precisely because it
does the opposite. It strictly enforces “channel-specific processing.” It treats each
channel as a separate problem, allowing 12 parallel UNet-like encoders to become
experts at finding anomalies only in that specific domain (e.g., an expert for “horizontal-
imaginary artifacts,” an expert for “diagonalreal artifacts,” etc.). Only after these 12
expert-level feature streams are extracted are they fused by the final “supplementary
sub-network” [1].

This proves that for this type of feature-centric detection, preventing premature feature-
blending is the single most important architectural design choice. The high
computational cost is the tradeoff for this specialization, which ultimately yields a
vastly superior result.

This paper’s work is critically important because it proves the immense, ongoing value
of the feature-centric philosophy. While much of the research community chases larger
end-to-end models, the StackDeepAll architecture’s > 0.8 IoU performance is a
powerful demonstration that expert domain knowledge remains a key component of
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SOTA performance. It proves that knowing where the artifacts lie (in the complex
wavelet domain) and designing an architecture to target that domain can achieve results
that are competitive with, or even superior to, purely data-driven, end-to-end spatial
methods.

6 Conclusion

This paper has presented a comprehensive investigation into novel neural network
architectures for image inpainting detection. We have detailed the methodology,
strengths, and limitations of six custom-designed architectures, all predicated on the
central hypothesis that inpainting artifacts, while visually subtle, are most evident in
the complex wavelet domain.

A rigorous experimental evaluation provided a clear victor: the StackDeepAll
architecture. This model, which employs a unique channel-specific processing pipeline
with 12 parallel UNetlike encoders, achieved an exceptional Validation IoU of 0.8126.
This result empirically validates the hypothesis that for high-dimensional, engineered
features like DTCWT coefficients, preventing premature feature-blending and allowing
specialized encoders to process each channel independently is a superior design
philosophy. Conversely, the experiments also provided a clear disproof of a global-
context-first approach, where a Global Average Pooling module was shown to be
detrimental to performance, likely by “averaging out” the very localized artifacts being
targeted.

Furthermore, we have presented a comprehensive review of the 2023-2025 state-of-the-
art, which is currently pivoting towards two new frontiers: the creation of massive,
realistic, diffusion-based datasets (e.g., DiQulD, COCOlnpaint) [2, 7] and the use of
generative models, such as InpDiffusion [4], for detection.

The success of the StackDeepAll model provides a powerful counter-narrative to a
purely end-to-end-driven field. It proves that a deep, feature-centric design philosophy,
rooted in a forensic understanding of where artifacts manifest, remains a highly
effective and robust strategy for combating the “accelerated progress” [1] of generative
image manipulation.
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