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Abstract

Understanding how image classification models utilize visual information remains a
central challenge in computer vision Geirhos et al. (2018). This thesis investigates
whether object-centric data augmentation can serve as a structured framework for
analyzing model behavior under controlled visual manipulations. To this end, a
modular augmentation pipeline, sam2aug, is developed that integrates segmentation,
inpainting, and object-level transformations. The pipeline enables the generation
of controlled datasets that isolate specific visual factors, including texture, shape,
background context, and object scale.

Experiments on ImageNet-pretrained convolutional neural networks and Vision Trans-
formers reveal consistent trends across all settings. Under standard conditions,
model predictions are largely driven by texture cues. However, when structural in-
formation is preserved or emphasized, the proportion of shape-consistent predictions
increases. In addition, Vision Transformer models (in particular, ViT-Base) exhibit
greater stability under contextual and geometric perturbations than convolutional
architectures. Additional experiments show that model predictions are sensitive to
background context and object scale, with performance decreasing under distribu-
tion shifts and size reductions.

Overall, the results demonstrate that object-centric augmentation provides a flexible
and interpretable framework for analyzing model behavior and offers new insights
into the robustness and decision strategies of modern vision models.
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1 Introduction

Deep learning and deep model architectures have played a critical role in advanc-
ing image classification (He et al., 2016; Krizhevsky et al., 2012), enabling high-
performing models. Also, the availability of large annotated datasets (e.g., ImageNet
(Russakovsky et al., 2015), MS COCO (Lin et al., 2014)) and their combination with
effective training strategies contributed to this success (Krizhevsky et al., 2012).

One strategy to improve generalization and reduce overfitting during training is to
increase the diversity of the training data by augmenting existing samples (Perez
and Wang, 2017), particularly in settings with limited data or strong biases. Tradi-
tional augmentation methods operate directly in image space and include geometric
transformations (e.g., rotation, scaling, and cropping) and photometric transforma-
tions (e.g., color jittering and noise injection) (Shorten and Khoshgoftaar, 2019). As
summarized by Kumar et al. (2024) and Naveed et al. (2024), these approaches aim
to introduce invariances to common variations in real-world data while preserving
semantic labels. More advanced strategies extend this idea by combining informa-
tion from multiple images, for example, through sample-mixing techniques such as
Mixup and CutMix, or by using generative models to synthesize novel training sam-
ples. These methods have been shown to improve robustness and generalization
across a range of tasks (Kumar et al., 2024).

Despite their effectiveness, most existing augmentation techniques share a funda-
mental limitation: they operate on the entire image, thereby providing only limited
control over which visual factors are modified. As a result, they are well-suited
for improving performance, but less suitable for analyzing model behavior under
controlled conditions. In particular, when studying how models rely on specific
visual cues, such as shape or texture, it is necessary to manipulate these factors
independently.

This limitation is particularly relevant to shape-texture bias in image classification
models. Prior work has shown that convolutional neural networks trained on Ima-
geNet often rely strongly on local texture cues, whereas human perception is more
strongly driven by global object shape (Geirhos et al., 2018; Tartaglini et al., 2022).
The commonly used cue-conflict paradigm addresses this question by generating im-
ages in which shape and texture cues are deliberately placed in conflict, typically
using neural style transfer (Gatys et al., 2016). While this approach has provided
valuable insights, subsequent studies have highlighted limitations in stimulus gener-
ation and evaluation methodology, including that stylization is applied to the entire
image rather than selectively to the object of interest (Burgert et al., 2025).

These observations underscore the need for more controlled, modular data transfor-
mation pipelines that enable independent manipulation of individual visual factors.
In particular, an object-centric approach enables targeted modification of appear-
ance while preserving other aspects of the scene. Such a framework enables system-
atic investigation of how models respond to changes in texture, context, and scale
under controlled conditions.
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In this thesis, we propose a task-agnostic object-centric data augmentation pipeline
that combines foreground extraction, object relocation, and generative inpainting.
The pipeline leverages modern segmentation models to isolate object regions, ap-
plies object-level transformations, and reconstructs the background using inpainting
techniques. This modular design enables the creation of multiple controlled dataset
variants, including shape-texture cue-conflict, background-shift, and object-rescaling
datasets.

Using this framework, we conduct a series of experiments to analyze model behavior
across different architectures, including convolutional neural networks and Vision
Transformers. The evaluation focuses on shape-texture bias and robustness under
contextual and geometric transformations. By comparing model predictions across
systematically varied conditions, the thesis aims to provide a more fine-grained
understanding of how architectural design and input transformations influence visual
decision-making in modern image classification systems.

Overall, this work contributes both a methodological framework for controlled object-
centric data augmentation and an empirical analysis of model behavior under struc-
tured transformations. By bridging data augmentation, generative image manipula-
tion, and bias analysis, the thesis seeks to advance understanding of how deep neural
networks use visual cues and how these behaviors can be studied in a controlled,
interpretable manner.

This work is structured as follows. Section 2 introduces the theoretical background
relevant to this work, including modern image classification architectures, data aug-
mentation techniques, style transfer, and the core components of the proposed ap-
proach, namely image segmentation and inpainting. Section 3 reviews related work
on shape-texture bias in deep neural networks, discusses existing cue-conflict eval-
uation paradigms, and highlights their limitations, highlighting the need for more
controlled experimental frameworks. Section 4 presents the proposed object-centric
task-agnostic data augmentation pipeline, describing its design, implementation,
and modular components, including dataset construction and evaluation metrics.
Section 5 describes the experimental setup and presents the achieved results. Sec-
tion 6 reports and analyzes the results, discusses limitations, and outlines directions
for future work. Finally, Section 7 concludes the thesis by summarizing the key find-
ings, and the Appendix provides additional insights and a more detailed analysis of
the experimental results.
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2 Theoretical Background

This chapter introduces the theoretical foundations required for the methodology
and experiments of this thesis. Since the goal of this work is to develop an object-
centric data augmentation approach and to analyze how image classification models
respond to controlled manipulations of object appearance, context, and scale, the
discussion begins with the fundamentals of modern image classification and the ar-
chitectural principles of convolutional neural networks and Vision Transformers. It
then reviews data augmentation as a general strategy for improving model robust-
ness and motivating controlled transformations of training or evaluation data. We
also describe the basics of style transfer, which help manipulate appearance cues
while preserving structure for the shape-texture bias experiment.

The second part of the chapter covers the technical components that enable the
proposed object-centric pipeline: image segmentation to isolate object regions and
image inpainting to reconstruct backgrounds after object removal. Together, these
topics provide the conceptual basis for the sam2aug pipeline and for the experimental
analysis of shape-texture bias, contextual robustness, and scale sensitivity presented
in later chapters.

2.1 Image Classification

Image classification is the task of assigning an image to one of a predefined set
of categories (Goodfellow et al., 2016). In modern computer vision, this task is
predominantly addressed with deep learning models that learn hierarchical feature
representations directly from data. Since this thesis compares convolutional and
transformer-based architectures under controlled input transformations, it is impor-
tant to understand how these model families differ in their representation learning
and inductive biases.

Instead of relying on manually designed features, deep neural networks learn multiple
levels of abstraction through stacked nonlinear transformations (LeCun et al., 2015).
This paradigm shift has led to major improvements in visual recognition performance
across many tasks.

The foundations of deep learning were summarized in the overview by LeCun et al.
(2015). The authors describe how deep neural networks can learn representations
at multiple levels of abstraction, enabling models to transform raw sensory input
such as images into increasingly complex feature representations. In the context
of computer vision, these learned representations typically progress from low-level
features (edges, corners, and textures) to mid-level patterns (parts and shapes) and
finally to high-level semantic concepts corresponding to object categories.

Within image classification research, two major architectural paradigms have emerged
in recent years: convolutional neural networks (CNNs) and transformer-based vi-
sion models. While CNNs dominated computer vision for more than a decade
(Krizhevsky et al., 2012; He et al., 2016), more recent architectures such as Vision
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Transformers (ViTs) adopt ideas originally developed for natural language process-
ing and provide an alternative approach to visual representation learning (Dosovit-
skiy et al., 2020).

2.1.1 Convolutional Neural Networks

Convolutional neural networks are specialized deep neural networks designed to pro-
cess grid-structured data (Goodfellow et al., 2016), such as images. Images possess
a strong spatial structure, with neighboring pixels highly correlated and patterns
often repeating across different locations. CNNs exploit these properties through lo-
cal receptive fields, weight sharing, and hierarchical feature extraction (Goodfellow
et al., 2016).

Instead of connecting every neuron to all input pixels, convolutional layers apply
small learnable filters that slide across the image. Each filter detects specific patterns
such as edges, textures, or shapes. Because the same filter is applied across the entire
image, the network learns translation-invariant feature detectors that respond to the
same pattern regardless of its spatial position (Goodfellow et al., 2016).

Deep Convolutional Architectures The effectiveness of deep CNNs for large-
scale image recognition was demonstrated by the landmark architecture AlexNet,
proposed by Krizhevsky et al. (2012). Their model achieved significant improve-
ments on the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) (Rus-
sakovsky et al., 2015) in 2012 by combining deep convolutional layers with large-scale
GPU training and rectified linear unit (ReLU) activations (Krizhevsky et al., 2012).
This result marked the beginning of the modern era of deep learning in computer
vision.

Subsequent research focused on improving network depth and architectural design.
The VGG network, introduced by Simonyan and Zisserman (2014), demonstrated
that deeper architectures with small convolutional filters can significantly improve
performance. Their design uses stacks of 3×3 convolutional layers, which allows
deeper networks while keeping the number of parameters manageable (Simonyan
and Zisserman, 2014).

However, increasing network depth introduced new challenges during training, par-
ticularly the vanishing gradient problem, which makes optimization difficult in very
deep networks (Huang et al., 2017). This issue was addressed by the Residual Net-
work (ResNet) architecture proposed by He et al. (2016). ResNet introduced skip
connections, also known as residual connections, that allow gradients to propagate
more effectively through deep networks. Instead of directly learning a mapping
H(x), the network learns a residual function F (x) = H(x)− x, which is then added
back to the input. This design enables the successful training of networks with more
than 100 layers and significantly improves performance on ImageNet classification
tasks (He et al., 2016).
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Residual architectures have since become a standard backbone for many computer
vision systems and are widely used in classification, detection, and segmentation
models(Mahajan et al., 2018; He et al., 2020).

Limitations of Convolutional Architectures Despite their success, CNNs ex-
hibit architectural biases that influence the types of visual information they prior-
itize. CNNs are often reported to emphasize local texture patterns more strongly
than global shape, although the extent of this effect depends on the training data and
evaluation protocol (Geirhos et al., 2018). Several studies have shown that CNNs
trained on ImageNet often rely strongly on texture cues for object recognition, which
may differ from human perceptual strategies (Geirhos et al., 2018; Tartaglini et al.,
2022).

Additionally, CNNs have a limited ability to model long-range dependencies in im-
ages because information must propagate through many layers before distant spatial
regions can interact. While techniques such as larger receptive fields and dilated
convolutions partially address this limitation, they do not fully capture global rela-
tionships in the image.

These limitations motivated research into alternative architectures capable of mod-
eling global interactions more directly.

2.1.2 Vision Transformers

Transformer Architecture Transformers were first introduced to natural lan-
guage processing by Vaswani et al. (2017). A critical advantage of transformer
architecture is the self-attention mechanism, which allows each element of an input
sequence to attend to all other elements.

Self-attention computes pairwise interactions between elements of the input se-
quence. Given the query, key, and value representations derived from the input,
attention weights determine how strongly each element influences the others. As a
result, transformers can integrate information across the entire input context in a
single layer (Vaswani et al., 2017).

Vision Transformer (ViT) The transformer architecture was later adapted for
image recognition in the Vision Transformer (ViT) model proposed by Dosovitskiy
et al. (2020). Instead of processing raw pixels directly with convolutions, the Vision
Transformer first divides an image into fixed-size patches. Each patch is flattened
and projected into a vector representation that serves as a token in a sequence,
analogous to word tokens in language models (Dosovitskiy et al., 2020).

Positional embeddings are added to the patch representations to preserve spatial
information. A stack of transformer encoder layers then processes the resulting
sequence of patch embeddings, each comprising multi-head self-attention and feed-
forward networks (Dosovitskiy et al., 2020).



2 THEORETICAL BACKGROUND 6

This architecture allows the model to directly capture global interactions between
different regions of the image. Unlike CNNs, which gradually build global context
across multiple layers, Vision Transformers can model long-range dependencies at
every layer via attention mechanisms (Vaswani et al., 2017).

Experiments on large-scale datasets demonstrate that Vision Transformers can achieve
competitive or superior performance compared to convolutional networks when trained
with sufficient data and computational resources (Dosovitskiy et al., 2020).

2.1.3 Differences Between CNNs and Vision Transformers

CNNs and Vision Transformers differ fundamentally in how they process visual infor-
mation. CNNs incorporate strong inductive biases through convolution and pooling
operations. These biases encode assumptions about locality and translation invari-
ance, which help CNNs learn effectively even with moderate amounts of training
data (Dosovitskiy et al., 2020). However, these architectural constraints may also
limit their ability to capture global relationships.

Vision Transformers, in contrast, rely on attention-based global interactions and
impose fewer assumptions about spatial structure. While this flexibility enables
more expressive representations, it also means that ViTs typically require larger
training datasets to achieve optimal performance (Dosovitskiy et al., 2020).

Empirical studies have also shown that these architectural differences influence how
models utilize visual cues. Transformer-based models often exhibit stronger sensi-
tivity to global shape information (Naseer et al., 2021), whereas CNNs tend to rely
more on local texture features (Geirhos et al., 2018).

Understanding the differences between these architectures is essential when studying
perceptual biases in computer vision models. In particular, architectural design
choices may influence whether models rely more heavily on local texture cues or on
global shape information.

2.2 Data Augmentation

Data augmentation is a commonly used technique in machine learning that increases
the diversity of training data by applying transformations to existing samples while
preserving their semantic labels (Kumar et al., 2024). This approach improves
generalization and reduces overfitting by enabling models to learn invariances to
variations commonly encountered in real-world data (Shorten and Khoshgoftaar,
2019). Overfitting is a term used to describe the effect in which a model memorizes
specific details rather than learning general patterns and therefore performs poorly
on unseen data.

In computer vision, augmentation is especially effective because many transforma-
tions can be applied without altering the image’s semantic content. For example,
objects generally remain recognizable under moderate changes in orientation, scale,
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or illumination. By exposing a model to such variations during training, augmenta-
tion encourages the learning of feature representations that are robust to irrelevant
visual changes (Kumar et al., 2024).

Traditional methods operate directly in pixel space and are typically categorized into
geometric and photometric transformations. Geometric transformations, such as ro-
tation, scaling, cropping, and translation, modify spatial structure while preserving
object identity. Photometric transformations, including brightness and contrast ad-
justments or color perturbations, alter pixel intensities without changing spatial
relationships. These techniques improve robustness to variations in viewpoint, illu-
mination, etc. (Shorten and Khoshgoftaar, 2019).

Beyond these classical approaches, more advanced augmentation strategies have
been proposed. Sample-mixing methods generate new training examples by combin-
ing multiple images. For instance, Mixup creates synthetic samples through linear
interpolation of images and labels, encouraging smoother decision boundaries and
improved generalization (Naveed et al., 2024). Related approaches, such as CutMix,
extend this idea by replacing image regions, further enhancing robustness (Naveed
et al., 2024).

More recently, generative augmentation techniques have emerged that use genera-
tive models to synthesize new training samples. Approaches based on generative
adversarial networks or diffusion models can produce realistic images that extend
the dataset’s diversity beyond simple transformations of existing samples. These
methods can be particularly beneficial in scenarios where datasets are small or im-
balanced. However, the generated samples must remain semantically consistent with
their labels and should not introduce artifacts that could negatively affect model
training (Kumar et al., 2024).

Overall, data augmentation is a fundamental component of modern deep learning
pipelines. While most methods operate on entire images, certain applications require
more controlled manipulations of specific visual factors. This requirement motivates
object-centric augmentation, in which transformations are applied to segmented
object regions rather than to the full image. Such an approach is particularly suitable
for constructing controlled evaluation datasets.

2.3 Style Transfer

Neural style transfer (NST) refers to methods that synthesize an image by com-
bining the content structure of one image with the visual style of another. In this
context, “content” denotes higher-level spatial structure and object layout, whereas
“style” captures appearance statistics such as color, texture, and brush strokes. Jing
et al. (2018) and Cai et al. (2023) describe NST as a central problem in image
synthesis enabled by deep representations and categorize existing approaches into
optimization-based, feed-forward, arbitrary-style, and more recent generative meth-
ods.
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2.3.1 Foundational optimization-based style transfer

Modern NST is commonly traced back to the work of Gatys et al. (2015, 2016). Their
method uses a pretrained convolutional neural network (Visual Geometry Group
network (VGG)) to separate content and style representations. Content is encoded
by feature activations from deeper layers, while style is represented by correlations
between feature maps, captured via Gram matrices across multiple layers. The Gram
matrix summarizes how different visual patterns co-occur in an image, providing
a representation of texture that is independent of the exact spatial arrangement.
Stylization is formulated as an optimization problem in which the output image
is iteratively updated to minimize a weighted combination of content and style
losses (Gatys et al., 2015, 2016).

This approach demonstrated that deep features enable a meaningful separation
of structure and appearance. However, it is computationally expensive because
each image requires iterative optimization, which limits scalability (Dumoulin et al.,
2016).

Li et al. (2017a) provided a theoretical interpretation, showing that Gram-matrix
matching corresponds to distribution alignment in feature space and is related to the
maximum mean discrepancy with a second-order polynomial kernel, which explains
why matching second-order statistics effectively transfers visual style.

2.3.2 Fast feed-forward style transfer

Subsequent work aimed to retain the perceptual quality of optimization-based NST
while improving efficiency. Johnson et al. (2016) introduced feed-forward image
transformation networks trained with perceptual losses derived from pretrained fea-
tures. Their method approximates the Gatys optimization objective with a single
forward pass and achieves comparable qualitative results while running much faster.

Further improvements highlighted the importance of normalization layers. Ulyanov
et al. (2017) showed that replacing batch normalization with instance normaliza-
tion significantly improves stylization quality, establishing it as a key architectural
component.

Dumoulin et al. (2016) extended this idea by learning a shared network for multiple
styles using conditional instance normalization. Rather than training one model per
style, their approach learns style-specific normalization parameters, making multi-
style transfer more scalable while keeping inference fast.

2.3.3 Arbitrary style transfer

Early feed-forward methods were limited to a fixed set of styles, which motivated the
development of approaches capable of handling arbitrary styles at test time. Huang
and Belongie (2017) addressed this limitation with Adaptive Instance Normalization
(AdaIN), a simple mechanism that directly adapts the statistics of content features
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to match those of a given style image, enabling fast and flexible stylization without
requiring per-style training.

Similarly, Li et al. (2017b) proposed Universal Style Transfer, which aligns feature
distributions between content and style images via whitening and coloring oper-
ations, generalizing to arbitrary styles while remaining closely related to earlier
methods that match feature statistics.

Chen and Schmidt (2016) introduced a complementary perspective by focusing on
local structure. The patch-based method they developed performs style transfer by
matching and replacing local feature patterns, highlighting that stylization can be
guided not only by global statistics but also by local correspondences.

2.3.4 Transformer- and diffusion-based methods

More recent work extends style transfer beyond convolutional architectures. Deng
et al. (2022) proposed StyTr2, a transformer-based framework that explicitly mod-
els long-range dependencies between content and style representations. This design
aims to better preserve global structure and fine details compared to earlier ap-
proaches.

In parallel, diffusion-based methods have been explored for style transfer. Zhang
et al. (2023) introduced an inversion-based approach that leverages diffusion models
for stylization, reflecting a broader shift toward using generative models to improve
realism and controllability.

In this thesis, style transfer is relevant not primarily as an image synthesis task, but
as a mechanism for generating controlled conflicts between shape and texture cues.
The key requirement is therefore not only visual realism, but also preservation of
recognizable object structure under altered surface appearance.

2.4 Image Segmentation

Image segmentation is an important task in computer vision that partitions an image
into meaningful regions corresponding to objects or surfaces (Minaee et al., 2021).
Segmentation provides pixel-level predictions, enabling precise localization of objects
within a scene. This capability is essential for applications such as autonomous
driving, medical imaging, and scene understanding (Minaee et al., 2021).

Before the rise of deep learning, segmentation methods relied primarily on low-
level image features such as intensity, color, and texture. One influential classical
approach is the active contour model, commonly referred to as snakes. Introduced
by Kass et al. (1988), this method represents object boundaries as energy-minimizing
curves that evolve under the influence of internal smoothness constraints and exter-
nal image forces. The contour deforms until it aligns with salient image structures
such as edges or boundaries (Kass et al., 1988).
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Another important direction in classical segmentation research is focused on bound-
ary detection and region grouping. Arbelaez et al. (2010) proposed a framework that
combines local image cues with global contour information to generate hierarchical
segmentations of images. Their method demonstrated that accurate boundary de-
tection followed by hierarchical region grouping can produce meaningful object-level
partitions of images (Arbelaez et al., 2010).

Further advances integrated appearance models, shape priors, and contextual rela-
tionships between object classes. The TextonBoost framework is a representative
example that combines texture features with spatial context to perform joint object
recognition and segmentation. In this approach, pixel-level classification is refined
using contextual constraints to produce more coherent segmentation results (Shot-
ton et al., 2006).

Although these classical approaches achieved promising results, they relied heavily
on hand-crafted features and often required complex pipelines consisting of multiple
processing stages.

Modern segmentation methods can be broadly categorized by the level of detail they
produce. Semantic segmentation assigns a class label to every pixel in the image but
does not distinguish between individual instances of the same object class. Instance
segmentation extends this formulation by identifying and separating individual ob-
ject instances. Panoptic segmentation combines both approaches by simultaneously
labeling all pixels and distinguishing object instances from background or “stuff”
classes, such as sky or road (Kirillov et al., 2019).

2.4.1 Deep Learning for Image Segmentation

The introduction of deep learning significantly transformed segmentation research
by enabling models to learn hierarchical feature representations directly from data.
Convolutional neural networks can capture complex visual patterns and perform
dense pixel-level predictions within a unified architecture (Sultana et al., 2020).

Modern segmentation methods are typically based on fully convolutional architec-
tures, which replace traditional fully connected layers with convolutional layers to
preserve spatial resolution, thereby allowing networks to generate prediction maps
that assign labels to individual pixels (Long et al., 2015).

According to Minaee et al. (2021), deep learning-based segmentation approaches
have rapidly become the dominant paradigm due to their ability to learn robust
representations from large datasets and to generalize across diverse visual domains.

The development of large annotated datasets has played an important role in en-
abling this progress. For example, the Microsoft COCO dataset provides extensive
pixel-level annotations for everyday objects in complex scenes, supporting research
on both semantic and instance segmentation tasks (Lin et al., 2014).
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2.4.2 Promptable Segmentation Models

Recent research has introduced a new generation of foundation models for segmen-
tation that can generalize across categories and tasks. Instead of predicting segmen-
tation masks for a fixed set of predefined classes, these models allow segmentation
to be guided by user-provided prompts such as points, bounding boxes, or existing
masks (Kirillov et al., 2023).

The Segment Anything Model (SAM) (Kirillov et al., 2023) and its successor, SAM
2 (Ravi et al., 2024), represent this paradigm shift. As illustrated in Figure 1, SAM
2 extends promptable segmentation to both images and videos by combining an
image encoder with a prompt encoder and a mask decoder, augmented by a memory
mechanism. The memory component enables the model to store information from
previous frames and propagate segmentation masks consistently across time (Ravi
et al., 2024).

Figure 1: Overview of the Segment Anything Model 2 (SAM 2) architecture. The
model combines an image encoder, a prompt encoder, and a mask decoder with
a memory mechanism, enabling consistent segmentation across video frames (Ravi
et al., 2024).

In contrast to traditional segmentation models that operate on individual images,
SAM 2 processes video data as a sequence and leverages temporal context through
its memory attention mechanism, thereby enabling it to generate coherent object
masks across multiple frames given sparse user input, such as a single prompt in a
single frame (Ravi et al., 2024).

In the context of this thesis, segmentation is not used as an end task, but as an
enabling and the most important step for object-centric manipulation. Accurate
object masks are required to separate foreground objects from background content
and apply localized transformations. The promptable and temporally consistent
segmentation capabilities of SAM 2 make it particularly suitable for constructing
controlled datasets with manipulated object properties.
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2.5 Image Inpainting

Image inpainting is the task of reconstructing missing or corrupted regions of an
image such that the result appears visually plausible and consistent with the sur-
rounding context (Quan et al., 2024). Given an image with masked regions, the goal
is to estimate the missing pixel values based on the available information. Success-
ful inpainting requires both local consistency, such as the continuation of edges and
textures, and global semantic coherence, ensuring that the reconstructed content
aligns with the overall scene structure (Quan et al., 2024).

Historically, image inpainting methods have evolved from classical signal-processing
approaches to modern deep learning-based generative models (Quan et al., 2024).

2.5.1 Classical Inpainting Methods

Early approaches are based on diffusion processes, which propagate pixel informa-
tion from the boundaries of the missing region inward. These methods are often
formulated using partial differential equations and are effective for reconstructing
small defects by preserving local structures such as edges and intensity gradients(Xu
et al., 2023). However, they struggle with larger missing regions, as they rely solely
on local information.

To overcome these limitations, patch-based methods were introduced. These ap-
proaches fill missing regions by copying similar patches from other parts of the
image(Criminisi et al., 2004). By leveraging existing textures, they can produce
more realistic results for larger regions. However, their performance depends on
the availability of suitable source patches and may degrade when the missing region
contains unique or complex structures (Quan et al., 2024).

2.5.2 Deep Learning-Based Inpainting

Deep learning has significantly advanced image inpainting by enabling models to
learn high-level visual representations from large datasets. Early neural approaches,
such as context encoders (Pathak et al., 2016), use encoder-decoder architectures to
predict missing regions based on surrounding context.

Modern methods extend this idea using convolutional neural networks and genera-
tive modeling techniques. These models can infer semantically meaningful content
and reconstruct large missing regions while maintaining global consistency. As a re-
sult, deep learning-based approaches have become the dominant paradigm in image
inpainting (Quan et al., 2024).

2.5.3 Generative Inpainting

One of the key challenges in inpainting is modeling long-range dependencies across
the image. To address this, recent methods incorporate attention mechanisms and
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multi-scale feature representations (Quan et al., 2024), allowing information from
distant regions to influence reconstruction.

Generative approaches, often based on adversarial training, further improve realism
by encouraging synthesized content to resemble natural images (Pathak et al., 2016).
More recent developments include transformer-based and diffusion-based models,
which enhance global coherence and visual quality (Quan et al., 2024).

2.5.4 Large-Mask Inpainting

A particularly challenging scenario arises when large portions of an image are miss-
ing. In such cases, local contextual information may be insufficient for reconstructing
the missing content.

An example of this global image-structure modeling approach is the LaMa (Large
Mask Inpainting) model proposed by Suvorov et al. (2021). LaMa introduces fast
Fourier convolutions (FFCs), which allow information to propagate across the entire
spatial domain of the image. As shown in Figure 2, the LaMa architecture is a feed-
forward ResNet-like inpainting network that integrates Fast Fourier Convolutions
(FFC) to capture both local and global image context. By leveraging Fourier-based
operations with an image-wide receptive field, the model can propagate information
across the entire image and generate coherent reconstructions even in the presence
of large, irregularly missing regions. The spectral transform module enables global
information propagation by processing feature maps in the frequency domain.

Figure 2: Overview of the LaMa inpainting architecture. The model combines
a convolutional encoder-decoder structure with Fast Fourier Convolutions (FFC),
enabling the propagation of both local and global information (Suvorov et al., 2021).

In addition, LaMa employs training strategies that improve robustness to varying
mask sizes, making it particularly suitable for large-mask inpainting scenarios (Su-
vorov et al., 2021).

In this thesis, the inpainting model LaMa is used as a preprocessing step to remove
objects from images while preserving plausible background content.

The concepts introduced in this chapter provide the technical basis for the exper-
imental framework developed in this thesis. In particular, the differences between
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CNNs and Vision Transformers motivate the comparison of architectural biases,
while segmentation, inpainting, and style transfer form the operational components
of the proposed object-centric augmentation pipeline. Building on this foundation,
the following chapter reviews prior work on shape-texture bias and situates the
present work within that literature.
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3 Related Work

This chapter reviews prior work most relevant to the research questions of this thesis.
Since the experimental analysis focuses on shape-texture bias and robustness under
controlled object-centric transformations, the chapter first discusses studies on cue
utilization in deep neural networks, with particular emphasis on the cue-conflict
paradigm introduced by Geirhos et al. (2018). It then considers subsequent work
that has questioned the interpretation and reliability of such evaluations, including
studies on alternative experimental designs and architectural differences between
convolutional and transformer-based models.

3.1 Shape and Texture Bias in Deep Neural Networks

Understanding which visual cues drive object recognition in deep neural networks
has become an important topic in computer vision research. Human object recogni-
tion is known to rely primarily on global object shape, whereas modern convolutional
neural networks (CNNs) trained on large-scale datasets such as ImageNet often rely
heavily on local texture statistics. This discrepancy between human and machine
perception has motivated a substantial body of research investigating the inductive
biases of deep learning models (Geirhos et al., 2018; Tartaglini et al., 2022; Burgert
et al., 2025; Kim et al., 2026).

A study by Geirhos et al. (2018) demonstrated that standard ImageNet-trained
CNNs exhibit a strong texture bias in object recognition tasks. In this work, the
authors introduced the cue-conflict evaluation paradigm, in which images are con-
structed so that the shape of one object category is combined with the texture of
another. These hybrid images were generated using neural style transfer and al-
low direct measurement of whether a model prediction is driven primarily by shape
information or by texture statistics (Geirhos et al., 2018).

The results demonstrated that human observers predominantly classify cue-conflict
stimuli by object shape, whereas CNNs trained on ImageNet frequently classify them
by texture cues. These findings suggested that CNNs implicitly learn representations
that emphasize local texture patterns rather than global object structure (Geirhos
et al., 2018).

To generate the cue-conflict stimuli used in their experiments, Geirhos et al. (2018)
employed the neural style transfer method introduced by Gatys et al. (2015, 2016).

Although the cue-conflict paradigm has become widely used for analyzing visual
biases in neural networks, subsequent work has identified several limitations in this
methodology (Burgert et al., 2025; Kim et al., 2026).

3.2 Alternative Interpretations and Methodological Critiques

Several studies have questioned whether the strong texture bias reported for ImageNet-
trained CNNs reflects an intrinsic architectural limitation or is partly shaped by the
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design of the evaluation protocol itself (Burgert et al., 2025; Kim et al., 2026). This
line of work suggests that conclusions about shape-texture bias depend not only on
a model’s internal representations but also on how cue-conflict stimuli are generated
and how model behavior is measured.

A notable example is the work of Tartaglini et al. (2022), who re-examined the
shape-texture bias question using an evaluation procedure inspired by developmen-
tal psychology experiments on human shape bias. In such experiments, participants
are typically presented with an anchor object and asked to decide whether another
object with the same shape or the same texture belongs to the same category. By
adapting this paradigm to deep neural networks and measuring similarity in feature
representations rather than classification outputs, the authors found that models
may exhibit stronger shape sensitivity than previously reported. Their results indi-
cate that at least part of the texture bias observed in earlier studies may arise from
the specific construction of cue-conflict stimuli and from the choice of evaluation
metric, rather than from a complete inability of CNNs to encode shape informa-
tion (Tartaglini et al., 2022).

An important methodological point raised in this context concerns the stylization
procedure used in the original cue-conflict datasets. Since texture is transferred to
the entire image, including the background, the resulting stimuli may unintentionally
amplify texture cues while reducing the perceptual visibility of the object shape,
making it more difficult for models to predict object-level cue utilization.

Related concerns were raised by Kim et al. (2026), who critically reassessed the
reliability of stylization-based cue-conflict benchmarks. The authors argue that
such datasets may produce unstable or ambiguous measurements for several reasons.
First, stylized images do not always yield perceptually clear and separable shape
and texture cues. Second, relative metrics based on shape-versus-texture ratios may
obscure models’ absolute sensitivity to each cue. Third, evaluation on a restricted
subset of predefined classes may distort the interpretation of predictions by ignoring
the full classifier label space. To address these limitations, the authors propose
the REFINED-BIAS benchmark, which aims to generate more clearly defined cue-
conflict stimuli and evaluate model behavior using ranking-based metrics over the
full class distribution (Kim et al., 2026).

Taken together, these studies show that measurements of shape-texture bias are
highly sensitive to both stimulus generation and evaluation design and motivate the
development of more controlled and modular pipelines for constructing diagnostic
datasets. In particular, the object-centric approach adopted in this thesis, which
applies texture manipulations only to segmented object regions while preserving
background context, demonstrates its value.
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3.3 Architectural Differences Between CNNs and Vision Trans-
formers

Recent research has also investigated how architectural differences influence cue
utilization. In particular, transformer-based architectures for vision processing have
been shown to exhibit different inductive biases compared to convolutional neural
networks (Naseer et al., 2021).

The study by Naseer et al. (2021) analyzed the internal representations and de-
cision behavior of Vision Transformers (ViTs). Their results suggest that Vision
Transformers often exhibit greater shape bias than convolutional architectures.

This difference is typically attributed to the transformer’s architectural properties.
While CNNs rely on local convolutional filters that emphasize spatially localized
features, Vision Transformers process images as sequences of patches and integrate
information globally through self-attention mechanisms (Naseer et al., 2021), thereby
capturing long-range dependencies and global shape information more effectively
than conventional convolutional architectures.

3.4 Motivation for the Present Work

The limitations of prior approaches described in this chapter motivated us to use
our object-centric pipeline to extend prior work on shape-texture bias toward a
more modular, controlled experimental framework for analyzing model behavior.
Instead of manipulating the full image, the proposed pipeline first segments the
foreground object and then selectively applies transformations to the object region,
enabling texture modifications while preserving background context, or, conversely,
manipulating context and scale while keeping object appearance fixed.

The following chapter, therefore, introduces the proposed sam2aug framework and
describes how it is used to construct datasets for experiments on shape-texture bias,
contextual robustness, and object scale.
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4 Methods

4.1 Overview of the Approach

The objective of this work was to design, implement, and experimentally validate a
segmentation-based data augmentation pipeline for image classification. The central
research goal is to assess whether object-centric augmentation – based on explicit
segmentation, background reconstruction, and controlled object manipulation – can
serve as a structured framework for analyzing model behavior beyond conventional
image-level augmentation techniques.

To this end, a task-agnostic augmentation framework, referred to as sam2aug, was
developed. The pipeline integrates automatic object segmentation using a state-of-
the-art foundation model, background reconstruction via inpainting, and controlled
object transformation and relocation. It is designed to operate as a standalone
image processing tool that enables systematic manipulation of visual factors while
preserving semantic coherence.

The implementation follows several key design principles. First, the system adopts
a modular architecture in which segmentation, inpainting, and relocation are im-
plemented as independent components, enabling analysis of individual stages and
facilitating extensibility. Second, the pipeline is compatible with large-scale datasets
such as MS COCO (Lin et al., 2014) and ImageNet (Russakovsky et al., 2015), en-
abling its use in realistic experimental settings. Third, the framework is distributed
as an open-source Python package installable via the pip package manager, ensur-
ing accessibility and reproducibility. Finally, reproducibility is further supported
through structured experiment configurations and the logging of metadata for each
processing step.

The methodological approach is based on object-centric augmentation. Instead of
applying global image transformations such as cropping, flipping, or color pertur-
bations, the pipeline operates directly on object instances within an image. In a
typical processing sequence, foreground objects are first segmented using a dedi-
cated segmentation model. The segmented object is then removed from the image,
resulting in a background representation with missing regions. These regions are
subsequently reconstructed using an inpainting model. The extracted object can
then be optionally transformed through geometric operations such as rotation, scal-
ing, and translation, before being reinserted into the reconstructed background in a
controlled manner. This process enables explicit manipulation of scene composition
while maintaining visual plausibility.

4.2 sam2aug : Object-Centric Augmentation Pipeline

4.2.1 Implementation Details

The core processing logic of the sam2aug framework is implemented in the Augmen-
tationPipeline class, which serves as an orchestration layer. This class is responsible
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for validating inputs, invoking the segmentation module, deriving object and back-
ground representations from predicted masks, optionally performing background
reconstruction, and applying object transformations and relocation.

The pipeline takes two primary inputs: an RGB image and a bounding box that
specifies the target object’s approximate location. The bounding boxes are derived
from dataset annotations (e.g., the ImageNet validation subset) and serve as prompts
for the segmentation model.

The system supports multiple execution modes, including segmentation only, seg-
mentation combined with inpainting, segmentation with relocation, and the full
pipeline that integrates all processing stages. For each processed object, the pipeline
produces intermediate and final outputs that can be analyzed independently, en-
abling detailed investigation of each transformation step. The overview of the pro-
cess and the intermediate processing outputs is shown in Figure 3. Given an input
image and a bounding-box prompt, a segmentation model (SAM 2) predicts an
object mask, which is then used to isolate the object from the background. The
background can be reconstructed via inpainting, and the extracted object can op-
tionally undergo geometric transformations (e.g., scaling and rotation). The object
is then reinserted into the reconstructed background to produce the final composited
image.

Figure 3: Overview of the sam2aug object-centric augmentation pipeline. Green
blocks denote processing steps, while blue blocks represent intermediate data repre-
sentations.

Object Segmentation The first stage of the pipeline is object segmentation,
implemented by the Segmenter class, which wraps the Segment Anything 2 (SAM2)
image predictor (Ravi et al., 2024). Given an input image and a bounding box
prompt, the model predicts a binary mask that identifies the pixels belonging to the
object.

The segmentation mask defines the object’s spatial extent at the pixel level and
serves as the central representation throughout the pipeline. It is reused in sub-
sequent steps, including object extraction, background reconstruction, and object
compositing.
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Object Extraction and Background Removal Based on the predicted seg-
mentation mask, the pipeline separates the object from the original image and
constructs two complementary representations. First, an isolated object image is
generated by retaining only the pixels corresponding to the object while removing
all other regions. Second, a background image is created by removing the object
region from the original image, resulting in a scene with missing pixels at the ob-
ject’s location. These representations enable independent manipulation of object
and background content in later stages of the pipeline.

Background Reconstruction via Inpainting If enabled, the missing object
region in the background image is reconstructed using an inpainting model imple-
mented in the Inpainter module. The pipeline integrates the LaMa inpainting model
(Suvorov et al., 2021), which can synthesize plausible background content in large
regions of missing content.

To improve reconstruction quality, the segmentation mask can be optionally ex-
panded prior to inpainting. The dilation step slightly enlarges the removed region
to ensure that residual object pixels or segmentation artifacts are not preserved, pre-
venting residual foreground information from leaking into the reconstructed back-
ground and potentially introducing artifacts or bias in subsequent analysis. Inpaint-
ing results without a segmentation mask dilation are shown in the Appendix (Figure
12).

The output of this stage is a reconstructed image that closely resembles the original
scene but without the removed object.

Object Transformation Before relocation, the extracted object and its corre-
sponding mask can be transformed using a random affine transformation. This
transformation includes rotation, isotropic scaling, and translation. The rotation
angle is sampled uniformly from the range [−15, 15], while the scaling factor is
drawn from the interval [0.7, 1.3]. Horizontal and vertical translations are sampled
relative to the object dimensions. The selected parameter ranges introduce moderate
geometric variations while preserving the object’s recognizability and semantic iden-
tity. It is done to ensure that performance changes can be attributed to controlled
transformations rather than to excessive distortions or loss of visual information.

By restricting transformations to this range, the experiment balances variability
and realism, enabling a systematic analysis of geometric robustness under plausible
object perturbations.

Object Relocation The relocation stage reinserts the transformed object into a
target image, which may either be the reconstructed background or another provided
scene. Prior to placement, the object can be rescaled to match the target image
dimensions. To prevent the relocated object from becoming excessively small and
visually insignificant, the applied scaling factor is constrained by a lower bound of
0.2, ensuring that the object retains at least 20% of its original size during relocation.
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The relocation position is determined by configurable strategies, such as centered
or random placement, or predefined anchor locations (e.g., top left, bottom right).
The object is composited onto the target image using a soft blending mask derived
from the segmentation mask, ensuring smooth transitions between the object and the
background and avoiding visible artifacts. This step enables controlled manipulation
of scene composition, thereby isolating contextual factors while preserving object
identity.

Pipeline Outputs For each processed image, the pipeline produces a structured
set of outputs, including the segmentation mask, the extracted object image, the
background with the object removed, the reconstructed background (if inpainting
is enabled), the transformed object, and the final composited image (Figure 4). In
addition, metadata describing the processing configuration and runtime statistics is
recorded. These outputs enable detailed analysis of each transformation step and
support reproducibility.

(a) (b) (c)

(d) (e) (f)

Figure 4: Illustration of intermediate outputs of the sam2aug pipeline for a single
example: (a) original input image with bounding box overlay; (b) predicted segmen-
tation mask obtained from the bounding box prompt; (c) extracted object based on
the segmentation mask; (d) image with the object removed, where the masked region
is set to zero; (e) reconstructed background generated via inpainting; (f) final com-
posited image obtained by inserting the transformed object into the reconstructed
background with anchor ”bottom”.
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4.2.2 Implementation Availability

The complete implementation of the sam2aug framework is publicly available as an
open-source project on GitHub via https://github.com/roza-gaisina/sam2aug.
The repository contains all components required to reproduce the dataset generation
and evaluation procedures described in this thesis.

4.3 Dataset Generation Using sam2aug

The sam2aug pipeline serves as the foundation for generating controlled datasets
used in the experimental evaluation. By applying object-centric transformations,
the pipeline enables the construction of datasets that isolate specific visual factors
such as texture, context, and object scale.

4.3.1 Image Selection Constraints

The dataset construction process begins with selecting suitable input images. Since
the segmentation model requires bounding-box prompts, only datasets with bounding-
box annotations were considered. During development, the MS COCO dataset was
used for pipeline testing and validation, while all experiments were conducted on
the ImageNet validation dataset.

The experiments are based on the 16-category ImageNet subset introduced by Geirhos
et al. (2018): airplane, bear, bicycle, bird, boat, bottle, car, cat, chair, clock, dog,
elephant, keyboard, knife, and truck. According to Geirhos et al. (2018), classifi-
cation of the single classes to parent categories was based on a lexical database
WordNet (Miller, 1995).

To ensure consistency across categories, a single representative class was selected
for each parent category. This decision was motivated by the imbalance in the
number of subclasses across categories, which would otherwise introduce variability
in sampling and evaluation (e.g., the dog class with over 100 subclasses, the knife
class with 1 subclass).

Additional selection criteria were applied to ensure data quality and pipeline suit-
ability. All images were required to contain a clearly identifiable single object, and
only samples that were correctly classified by all evaluated models were retained.
Furthermore, constraints on bounding box size were introduced to ensure that ob-
jects were neither too small nor too large relative to the image. This was necessary
to guarantee reliable segmentation and sufficient background context for inpainting.
The list of selected classes for this experiment is provided in the Appendix (Table 4).

All selected images were manually inspected to verify segmentation quality and
to exclude ambiguous cases or images containing multiple relevant objects. The
category “oven” was excluded from the dataset because its bounding boxes were

https://github.com/roza-gaisina/sam2aug
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systematically large, thereby degrading segmentation quality and limiting the ap-
plicability of shape-based manipulations. Samples of single images and their masks
of the class ”oven” are shown in the Appendix chapter A.1 (Figure 13).

For the shape-texture experiments, donor textures were selected from ImageNet
classes characterized by strong visual patterns and high contrast. These include
peacock, tiger, honeycomb, zebra, and chain mail. These textures were chosen to
provide clear and distinguishable appearance cues (Figure 5).

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

Figure 5: Examples of donor textures used in the shape-texture bias experiments:
(a) peacock feathers, (b) tiger fur, (c) zebra stripes, (d) chain mail, (e) honeycomb.

4.3.2 Object Segmentation and Mask Construction

For all dataset variants, object-level manipulation is performed using segmentation
masks generated from bounding-box prompts. Given an input image I and a bound-
ing box B, a segmentation model produces a binary mask M ∈ {0, 1}H×W indicating
the object region:

M = Segmenter(I, B) (1)

To ensure complete object coverage and avoid boundary artifacts, the mask is op-
tionally dilated, resulting in an expanded mask Mdil:

Mdil = dilate(M,k) (2)

where k denotes the dilation radius (in pixels), controlling the extent to which the
mask is expanded.

The binary mask is converted into a continuous alpha mask α ∈ [0, 1]H×W using
Gaussian smoothing:

α = G(Mdil) (3)

This soft mask enables smooth transitions between modified and unmodified regions
during compositing and prevents visible seams at object boundaries.

A tight bounding box Btight is computed from the mask:

Btight = bbox(Mdil) (4)

This bounding box is used to resize donor textures to match the object’s spatial
extent and resolution.
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4.3.3 Shape-Texture Dataset Variants

As sam2aug has a modular structure and allows using individual modules, we use
only the segmentation part of the pipeline for this dataset generation.

Using the Segmenter module, four shape-texture datasets were generated, each cor-
responding to a different strategy for combining object shape and texture informa-
tion. While the underlying segmentation and blending procedure is shared across
all variants, the transformation applied to the object region differs in the extent to
which it preserves spatial structure while modifying texture, enabling a controlled
analysis of the relative importance of structural versus appearance cues. Figure 6
shows representative examples of the generated dataset variants. All images from
the experimental datasets are available in the GitHub repository.

(a) (b) (c)

(d) (e)

Figure 6: Representative examples of the four shape-texture dataset variants gen-
erated by the pipeline: (a) original image, (b) Texture Only, (c) Texture + Edges,
(d) Texture NST, (e) Texture AdaIN.

Texture Only In the Texture Only dataset, the object’s appearance is fully re-
placed with a donor texture while preserving its spatial structure. The donor image
is resized to match the object’s tight bounding box and denoted as D. The final
image is obtained by alpha blending:

Iout = (1 − α) ⊙ I + α⊙D (5)

This formulation closely follows the cue-conflict paradigm introduced by Geirhos
et al. (2018), with the important distinction that texture replacement is applied
only to the object region while preserving the original background.
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Texture + Edges To reintroduce structural information, the Texture + Edges
dataset augments the donor texture with edge cues extracted from the original
object. Let E denote the edge map extracted from the original image using the
Sobel operator. The Sobel operator estimates image gradients by applying discrete
convolutional filters that approximate first-order spatial derivatives in the horizontal
and vertical directions (Kanopoulos et al., 1988):

E =
√

(∂xI)2 + (∂yI)2 (6)

where ∂xI and ∂yI denote the partial derivatives of the image intensity I with respect
to the horizontal (x) and vertical (y) directions, respectively. These derivatives
approximate local intensity changes and highlight object boundaries.

The edge map is normalized, restricted to the object region, and optionally smoothed.
It is then combined with the donor texture, resulting in D′:

D′ = clip(D + α⊙ E) (7)

The resulting image Iout is obtained through alpha blending:

Iout = (1 − α) ⊙ I + α⊙D′ (8)

This approach preserves local structural information while maintaining the overall
texture transformation.

Texture NST (Neural Style Transfer) In the Texture NST condition, the
object region is stylized using optimization-based neural style transfer following
Gatys et al. (2016). Let Ic denote the content image (original object region), Is the
style image (donor texture), and Î the optimized output image. Instead of directly
replacing pixel values, the stylized image Î is obtained by minimizing a weighted
loss function:

Î = arg min
I

(λc Lcontent(I, Ic) + λs Lstyle(I, Is) + λtv LTV(I)) (9)

The style loss Lstyle is computed using Gram matrices:

Lstyle =
∑
l

wl ∥Gl(I) −Gl(Is)∥2F (10)

where Gl(·) denotes the Gram matrix computed from feature activations at layer l.

The stylization is applied only to the segmented object region and subsequently
blended back into the original image using the alpha mask.
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Texture AdaIN The Texture AdaIN condition applies fast style transfer using
Adaptive Instance Normalization (Huang and Belongie, 2017). Let fc and fs denote
feature representations of the content and style images, respectively. Then the
transformation is defined as follows:

AdaIN(fc, fs) = σ(fs)

(
fc − µ(fc)

σ(fc)

)
+ µ(fs) (11)

The transformed features f are interpolated with the original content features:

f = λ · AdaIN(fc, fs) + (1 − λ) · fc (12)

The resulting representation is decoded into an image and blended into the original
image using the alpha mask. In contrast to NST, AdaIN operates in feature space
and enables faster stylization at the cost of reduced structural control.

4.3.4 Dataset Generation for Object Relocation and Rescaling

In addition to the shape-texture datasets, two further experimental datasets were
constructed. For the object relocation experiment, segmented objects were inserted
into novel background environments, enabling analysis of contextual robustness. For
the object rescaling experiment, objects were resized and reinserted into the original
scene after background reconstruction, allowing controlled variation of object scale.

To ensure valid and interpretable transformations for object relocation and rescaling
experiments, additional constraints were applied during dataset construction. A key
requirement is that objects remain clearly recognizable after transformation while
sufficient background context is preserved for inpainting. To enforce this, images
were filtered based on the relative size of the object r:

r =
area(B)

area(I)
, 0.25 ≤ r ≤ 0.75 (13)

This constraint avoids extremely small objects that would become unrecognizable
after scaling, as well as overly large objects that leave insufficient background for
reconstruction.

Furthermore, only images in which all objects were fully visible were retained. Im-
ages in which the bounding box intersected the image boundary were excluded to
prevent truncation artifacts during relocation. Examples of object truncation can
be seen in Figure 14.

After automatic filtering, all remaining samples were manually inspected to ensure
segmentation quality and absence of ambiguous object boundaries. Several cate-
gories were excluded due to constraints named above, including brown bear, beer
bottle, computer keyboard, and cleaver. From the remaining categories, a fixed num-
ber of images per class was selected to ensure balanced evaluation (N = 5). The list
of selected classes for this experiment is provided in the Appendix (Table 5).
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Object Relocation with Background Shift In the object relocation experi-
ment, segmented objects are inserted into novel background environments to eval-
uate robustness to contextual changes using Segmenter and Relocator modules of
sam2aug. The generation process consists of extracting the object, selecting a tar-
get background, and compositing the object into the new scene. Objects are placed
onto predefined background images representing distinct environments, specifically
open water and water surface. To ensure consistency across samples, object size
is controlled using an area-based scaling factor, and objects are placed at a fixed
central position. The final image is generated using soft blending to ensure vi-
sual consistency. This setup enables controlled analysis of context sensitivity and
generalization to out-of-distribution backgrounds. Figure 7 illustrates the object
relocation setup with background shift.

(a) (b)

Figure 7: Example images from the object relocation with background shift dataset.
Segmented objects are inserted into novel background environments ((a) open-water
and (b) water-surface scenes) while preserving their appearance.

Object Rescaling on Inpainted Background For this experiment, we use all
three modules of the sam2aug pipeline: Segmenter, Relocator, and Inpainter. The
object rescaling experiment isolates the effect of object size while keeping all other
factors constant. The object is first segmented and removed from the original im-
age, and the background is reconstructed using inpainting. The extracted object
is then resized using predefined scale factors and reinserted into the bottom of the
reconstructed background.

To improve inpainting quality, the segmentation mask indicating the region to be
inpainted is dilated prior to reconstruction, preventing residual artifacts from influ-
encing the reconstructed background with k = 35 pixels:

Mdil = dilate(M,k) (14)

By keeping the background constant and varying only object size, this setup enables
a controlled analysis of scale sensitivity and robustness to geometric transformations.
Figure 8 presents the object rescaling process across different scale factors.
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(a) (b) (c) (d) (e)

Figure 8: Example images from the object rescaling dataset. Objects are resized
and reinserted into the original scene after background reconstruction: (a) original
image, (b) scale 100%, (c) scale 75%, (d) scale 50%, (e) scale 25%.

4.4 Evaluation Framework

4.4.1 Shape-Texture Bias Evaluation

To analyze model decision strategies, we adopt the cue-conflict paradigm introduced
by Geirhos et al. (2018). In this setting, each image contains two competing seman-
tic cues: a shape label corresponding to the object’s global structure and a texture
label corresponding to its surface appearance.

Model predictions are evaluated with respect to both labels to determine whether
decisions are driven by shape or texture information.

Top-1 and Top-5 Decision Metrics We begin by analyzing the model’s top-1
prediction, denoted by ŷ1; yshape denotes the ground-truth class corresponding to
the object’s shape, and ytexture the class associated with the donor texture. Each
prediction is categorized based on its alignment with the shape or texture label:

decisiontop-1 =


shape if ŷ1 = yshape

texture if ŷ1 = ytexture

other otherwise

(15)

This categorization yields three mutually exclusive outcomes: the prediction is con-
sistent with the object’s shape, consistent with its texture, or unrelated to both.

While top-1 predictions provide a clear and interpretable signal, they discard infor-
mation about alternative hypotheses considered by the model. To capture this, we
additionally analyze the top-5 predictions, denoted by the set Ŷ5.

The decision rule is extended as follows:

decisiontop-5 =


shape if yshape ∈ Ŷ5 ∧ ytexture /∈ Ŷ5

texture if ytexture ∈ Ŷ5 ∧ yshape /∈ Ŷ5

both if yshape, ytexture ∈ Ŷ5

other otherwise

(16)
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This formulation allows us to distinguish between cases in which the model strongly
favors one cue and cases in which it simultaneously represents both shape and texture
hypotheses among its most probable predictions. In particular, the “both” category
provides insight into situations where the model is uncertain or encodes multiple
competing interpretations.

Shape Bias To summarize model behavior across the dataset, we compute the
shape bias, defined as:

Shape Bias =
Nshape

Nshape + Ntexture

(17)

where Nshape and Ntexture denote the number of predictions consistent with shape
and texture, respectively. This definition follows the formulation used in prior work
of Geirhos et al. (2018) and provides a normalized measure of the model’s preference
between the two competing cues.

Evaluation on Original Images For non-stylized (original) images, the distinc-
tion between shape and texture is not meaningful, as both cues correspond to the
same object. In this case, evaluation reduces to standard classification metrics. The
top-1 accuracy is defined as:

Top-1 Accuracy =
1

N

N∑
i=1

1
[
ŷ
(i)
1 = y(i)

]
(18)

where N denotes the number of samples in the dataset.

This metric serves primarily as a sanity check because one of the selection criteria
for the experiment dataset images was that the objects in the original images were
correctly predicted by all 4 selected models.

Semantic Robustness Metrics ImageNet classification is inherently fine-grained,
and models may produce predictions that are semantically close to the ground truth
but not identical. For example, predicting African elephant instead of Indian ele-
phant constitutes a strict classification error, yet remains semantically meaningful.

To address this, we introduce parent-category-based metrics that group related
classes into broader semantic categories as described by Geirhos et al. (2018).

Parent Top-1 Match Let P (y) denote a mapping from a class label y to its
corresponding parent category. We define a parent-level correctness indicator for
the top-1 prediction:

Parent Top-1 = 1 [P (ŷ1) = P (yshape)] (19)
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This metric evaluates whether the model correctly identifies the broader semantic
category, even if it fails at the fine-grained class level.

Parent Top-5 Match

Similarly, for the top-5 predictions:

Parent Top-5 = 1
[
∃ŷ ∈ Ŷ5 : P (ŷ) = P (yshape)

]
(20)

This metric provides a more permissive measure of semantic correctness, captur-
ing whether the correct parent category appears among the model’s most likely
hypotheses.

Parent Probability Mass

To obtain a continuous measure of semantic alignment, we compute the total prob-
ability mass assigned to the correct parent category:

Parent Mass =
∑

c∈P (yshape)

p(c | x) (21)

where p(c | x) denotes the softmax output of the model for class c given input x.
This metric measures how much of the model’s output distribution is assigned to
classes within the correct parent category, even when the exact class is not predicted.
The evaluation framework evaluates robustness to fine-grained classification errors
and assesses whether models preserve coarse semantic understanding.

This evaluation is very helpful, as standard accuracy metrics alone are insufficient to
characterize the internal decision strategies of modern vision models. In particular,
shape-texture bias evaluation enables a direct analysis of whether models rely on
global shape information or local texture cues, a key difference between human and
machine vision (Geirhos et al., 2018).

4.4.2 Evaluation under Contextual and Geometric Transformations

To complement the shape-texture analysis, additional metrics are introduced to eval-
uate model behavior under controlled contextual and geometric transformations. For
both the object relocation and object rescaling experiments, classification accuracy
is evaluated after transformation. The top-1 accuracy measures whether the pre-
dicted label matches the ground truth, while top-5 accuracy evaluates whether the
correct label appears among the five most probable predictions.

Prediction Confidence Change To assess changes in model confidence, the dif-
ference in predicted probability for the correct class before and after transformation
is computed. This metric quantifies the extent to which the model’s confidence is
affected by the applied perturbation.
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Let x denote the original image and x′ the transformed image. Let y be the ground-
truth label and let p(c | x) denote the predicted probability assigned by the model
to class c given input x.

The change in predicted probability for the correct class is defined as:

∆Pcorrect = p(y | x′) − p(y | x) (22)

This metric measures how the model’s confidence in the correct class changes under
transformation. Negative values indicate a decrease in confidence, while values close
to zero indicate robustness to the applied perturbation.

Furthermore, prediction stability is quantified by the frequency with which the pre-
dicted class label changes between the original and transformed images, providing
insight into the sensitivity of model decisions to controlled modifications.

Prediction Change Rate Let ŷ1(x) denote the top-1 predicted class for input
x. The prediction change rate is defined over a dataset of size N as:

Change Rate =
1

N

N∑
i=1

1
[
ŷ1(x

(i)) ̸= ŷ1(x
′(i))

]
(23)

where 1[·] is the indicator function, which equals 1 if the condition is true and 0
otherwise.

This metric quantifies how frequently the model changes its predicted class after
transformation, independently of whether the prediction is correct. A higher change
rate indicates greater sensitivity to applied perturbation.

Together, these metrics provide a comprehensive evaluation of robustness by com-
bining correctness, confidence, and prediction stability.

The datasets and evaluation framework described in this chapter form the ba-
sis for the experimental analysis presented in the following chapter. Using the
sam2aug pipeline, controlled datasets are generated to systematically investigate
shape-texture bias, contextual robustness, and sensitivity to object scale in modern
image classification models.
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5 Experiments and Results

5.1 Experimental Setup

In this chapter, we describe experiments designed to directly evaluate the object-
centric transformations introduced in Chapter 4. Each experiment isolates a specific
visual factor by leveraging a corresponding component of the sam2aug pipeline.
In particular, the shape-texture datasets (Section 4.3.3) are used to analyze cue-
conflict behavior, the relocation mechanism (Section 4.3.4, paragraph 1) is used to
study contextual robustness, and the rescaling procedure (Section 4.3.4, paragraph
2) enables controlled evaluation of scale sensitivity. This design ensures that each
experimental result can be directly attributed to a specific transformation applied
at the object level.

Four ImageNet-pretrained models were evaluated, namely ResNet-18, ResNet-50,
ViT-Tiny, and ViT-Base. These models were selected to enable a comparison be-
tween convolutional neural networks and Vision Transformers of different capacities,
following commonly adopted pairings in the literature: ResNet-18 versus ViT-Tiny
(Takahashi et al., 2024) and ResNet-50 versus ViT-Base (Kawadkar, 2025).

The evaluation is conducted on a curated subset of ImageNet validation images,
serving as a control condition, and on multiple datasets generated by the sam2aug
pipeline. These datasets are designed to isolate specific visual factors, including
shape-texture conflicts, background context, and object scale. Model predictions
are evaluated using the metrics defined in Chapter 4, including top-1 and top-5
decision categories (shape, texture, other), the derived shape-bias measure, and
parent-level semantic robustness metrics.

All experiments were conducted on a remote Ubuntu server equipped with an Intel
Xeon W-2265 CPU and an NVIDIA RTX A5000 GPU. The implementation uses
Python 3.10.19 and PyTorch 2.9.0 with CUDA 13.0 support.

5.2 Shape-Texture Bias Experiments

This experiment directly builds on the dataset variants introduced in Section 4.3.3,
where different strategies for modifying object appearance are defined. It follows
the cue-conflict paradigm of Geirhos et al. (2018), where each sample contains a
shape label (object identity) and a conflicting texture label derived from a donor
image.

5.2.1 Comparison Across Dataset Variants

Shape Bias To compare model behavior under different shape-texture conditions,
we first analyze the shape bias across all dataset variants (Figure 9). This metric
provides a compact and interpretable measure of whether model decisions are pri-
marily driven by shape or texture cues.
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Figure 9: Shape bias computed from top-1 predictions across all dataset variants
(x-axis) across evaluated models (bar color).

Across all models, shape bias increases consistently from the Texture Only condition
to the structurally enriched conditions (Texture + Edges, NST, and AdaIN). This
finding indicates that increasing structural consistency shifts model decisions from
texture-based toward shape-based cues.

In the Texture Only condition, all models exhibit strong texture bias, with shape
bias close to zero. The lowest value is observed for ResNet-18 (0.04), whereas ViT-
Base reaches 0.13.

Introducing structural information (Texture + Edges) substantially increases shape
bias. For example, CNN-based models achieve values of around 0.34-0.37, whereas
ViT-Base achieves 0.50.

This trend continues for stylized variants. In the Texture NST condition, shape bias
remains high across all models (e.g., 0.59 for ResNet-18 and 0.80 for ViT-Base).
The highest values are observed for Texture AdaIN, with ViT-Base reaching 0.87,
indicating the strongest shape preference across all conditions.

These results indicate that increasing the structural consistency of the object rep-
resentation leads to a systematic shift from texture-based to shape-based decision-
making.

The same trend is observed for top-5 shape bias (Figure 15 in Appendix), where
values are consistently higher but follow the same ordering across conditions.
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Top-1 Decision Distribution The distribution of top-1 predictions (shape, tex-
ture, other) across dataset variants is shown in Figure 10. This analysis provides a
more detailed view of model behavior beyond the aggregated shape-bias metric.

Figure 10: Distribution of top-1 predictions across shape, texture, and other cat-
egories for all dataset variants and models. Each bar represents the proportion of
decisions aligned with shape or texture labels, or assigned to neither category for a
single model.

In the Texture Only dataset, all models are dominated by texture-consistent predic-
tions, which account for the majority of decisions (e.g., up to 79.86% for ResNet-18).
Shape-consistent predictions remain rare across all models, consistently below 10%.

In the Texture + Edges dataset, the proportion of texture-based predictions de-
creases, while shape-consistent predictions increase across all models. At the same
time, the proportion of “other” predictions increases, indicating greater uncertainty
or ambiguity in model decisions.

In the Texture AdaIN dataset, texture-based predictions are further reduced, and
the majority of predictions fall into the “other” category (e.g., up to 73.61% for
ViT-Tiny). While shape-consistent predictions increase compared to the Texture
Only condition, they remain lower than in the Texture + Edges dataset for most
models.

In contrast, the Texture NST dataset shows a clear increase in shape-consistent
predictions, while texture-based predictions remain low. For several models, partic-
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ularly Vision Transformers, shape becomes the dominant non-“other” decision (e.g.,
49.31% for ViT-Base).

These results highlight that changes in shape bias are driven not only by shifts be-
tween shape and texture predictions, but also by the proportion of “other” decisions,
which is particularly relevant for stylization-based transformations.

5.2.2 Model Family Comparison

To better understand architectural differences, results are aggregated across model
families in the Figure 11.

Figure 11: Comparison of top-1 shape bias between convolutional neural networks
(ResNet-18, ResNet-50) and Vision Transformers (ViT-Tiny, ViT-Base) across
dataset variants. Bars represent the average shape bias within each model fam-
ily.

Aggregating results across model families (Figure 11) shows that Vision Transform-
ers consistently exhibit higher shape bias than convolutional neural networks across
all datasets.

While both families show low shape bias in the Texture Only condition (CNNs: 0.06,
ViTs: 0.10), the gap increases for all structurally enriched variants. For example,
in the Texture AdaIN condition, CNNs reach 0.59, whereas Vision Transformers
achieve 0.76.

These results suggest that Vision Transformers may rely more strongly on global
representations than convolutional networks, with ViT-Base consistently exhibiting
the highest shape bias.
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5.2.3 Semantic Robustness

In addition to the decision-based analysis, model behavior was also evaluated using
parent-level semantic metrics as defined in Section 4.4.1. These metrics provide
a complementary perspective by assessing whether predictions remain semantically
consistent at a coarser, parent category level, even when fine-grained classification
fails. While the overall trends observed in these metrics are consistent with the
shape-bias results, they do not provide additional insight beyond the primary anal-
ysis of decision distributions and shape bias. For this reason, detailed results, in-
cluding parent top-1 and top-5 matches as well as probability mass, are reported in
the Appendix (Table 6).

5.2.4 Summary of Key Findings

Across all experiments, three consistent patterns emerge. First, texture bias domi-
nates in the absence of structural cues, as observed in the Texture Only condition.
Secondly, introducing structural information (edges or stylization) systematically
increases shape bias, with the strongest effect observed for NST and AdaIN. Third,
Vision Transformers exhibit a consistently stronger reliance on shape information
than CNNs, both at the decision level and in terms of semantic robustness.

Detailed class-wise information is provided in the Appendix (Figures 16- 19), where
additional variability across object categories and models can be observed.

5.3 Object Relocation with Background Shift Experiment

This experiment uses the relocation mechanism and the dataset construction pro-
cedure described in Section 4.3.4 to isolate the effect of background context.

The robustness to contextual changes will be evaluated by leveraging the relocation
component of the sam2aug pipeline. Objects are extracted from their original images
and inserted into novel background environments, specifically open-water and water-
surface scenes, while preserving their appearance.

Results and Observations Table 1 presents the quantitative evaluation of clas-
sification performance, confidence, and prediction stability under background shift
conditions. Bold values indicate the best-performing results for each metric, corre-
sponding to the highest accuracies and confidence measures and the lowest error-
related metrics.

Relocating objects into novel backgrounds reduces model performance across all
architectures. ResNet-18 shows the strongest degradation, achieving 43.64% top-
1 accuracy on the open-water background, while ViT-Base maintains the highest
performance at 83.64%.
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Top-5 accuracy remains high across all models, reaching 98.18% for ViT-Base for
both backgrounds and 98.18% for ResNet-50 on the water-surface background, in-
dicating that the correct class is often retained among candidate predictions despite
decreases in top-1 accuracy.

All models exhibit reduced confidence in predictions after relocation. The largest
decrease is observed for ResNet-18 (-54.49%), whereas ViT-Base shows a smaller
reduction (-19.82%). Prediction change rates further confirm that convolutional
networks are more sensitive to contextual changes than Vision Transformers.

Table 1: Quantitative evaluation of classification performance and confidence under
background shift conditions (open water vs. water surface) across different model
architectures

ResNet-18 ViT-Tiny ResNet-50 ViT-Base

Metric OpenW. Surf. OpenW. Surf. OpenW. Surf. OpenW. Surf.

Top-1 Acc (gen.) 43.64% 65.45% 52.73% 50.91% 72.73% 74.55% 83.64% 83.64%

Top-5 Acc (gen.) 80.00% 90.91% 72.73% 81.82% 92.73% 98.18% 98.18% 98.18%

Mean P (correct) (orig.) 88.48% 88.48% 85.42% 85.42% 94.72% 94.72% 89.47% 89.47%

Mean P (correct) (gen.) 33.99% 50.07% 36.46% 42.08% 62.65% 72.45% 61.55% 69.65%

∆P (correct) -54.49% -38.41% -48.96% -43.34% -32.07% -22.27% -27.93% -19.82%

Prediction change rate 56.36% 34.55% 47.27% 49.09% 27.27% 25.45% 16.36% 16.36%

The results demonstrate that background context plays a significant role in visual
recognition. Convolutional models are slightly more sensitive to contextual changes,
whereas Vision Transformers (especially ViT-Base) are more robust and stable under
these conditions.

Additional class-wise results are provided in Appendix section 4.3.4 (Table 7).

5.4 Object Rescaling Experiment

This experiment is based on the rescaling procedure defined in Section 4.3.4, which
isolates object size while keeping the background constant through inpainting. Ob-
jects are extracted, resized, and reinserted into the original scene while keeping the
background unchanged.

Results and Observations Table 2 summarizes the Top-1 accuracy across dif-
ferent object scales. Model performance decreases monotonically as object size is
reduced. At the original scale, all models achieve high accuracy, with ViT-Base
reaching 98.18%.

At 50% scale, performance drops substantially, with ResNet-18 decreasing to 50.91%,
while ViT-Base maintains a higher accuracy of 83.64%. At 25% scale, degradation
becomes severe across all models, with ResNet-18 dropping to 9.09% and ViT-Base
achieving 32.73%.
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Table 2: Top-1 results across object scales

Model Original Scale 100 Scale 75 Scale 50 Scale 25

ResNet-18 100,00% 89,09% 83,64% 50,91% 9,09%

ViT-Tiny 100,00% 92,73% 81,82% 61,82% 16,36%

ResNet-50 100,00% 92,73% 92,73% 76,36% 16,36%

ViT-Base 100,00% 98,18% 90,91% 83,64% 32,73%

Prediction confidence follows a similar trend. Table 3 reports the mean predicted
probability assigned to the correct class across different object scaling conditions.

The largest decrease in prediction probability on original images to the scale of 25%
is observed for ResNet-18 (-82.95%), while ViT-Base shows a smaller reduction (-
68.24%). Interestingly, ResNet-50 yields the highest predicted probability for the
original images and for scale factors of 100% and 75%. However, for more challenging
scale factors (50% and 25%), ViT-Base exhibits greater stability.

Table 3: Mean predicted probability for the correct class across original and rescaled
object conditions

Model Original Scale 100 Scale 75 Scale 50 Scale 25

ResNet-18 88.48% 82.97% 71.99% 40.84% 5.53%

ViT-Tiny 85.42% 78.81% 66.85% 47.44% 10.65%

ResNet-50 94.72% 89.36% 86.18% 66.01% 13.50%

ViT-Base 89.47% 84.38% 80.07% 68.35% 21.23%

The results indicate that object size strongly influences recognition performance.
All models struggle with small-scale objects, although Vision Transformers exhibit
greater robustness compared to convolutional models.

5.5 Online Data Augmentation for the Image Classification
Task

In addition to evaluation experiments, we explored using the segmentation and ma-
nipulation pipeline sam2aug as an online data augmentation method during model
training. The goal was to dynamically generate augmented samples by applying
object-level transformations, such as relocation and rescaling, during training.

The pipeline requires object segmentation followed by background reconstruction us-
ing the LaMa inpainting model. However, LaMa operates on a single-image inference
basis and does not support efficient batch processing. As a result, the augmentation
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pipeline introduced significant computational overhead. In practice, the generation
of augmented samples became a bottleneck, substantially increasing training times.
Due to these constraints, this approach was not pursued in the main experimental
evaluation.

5.6 Summary of Experimental Findings

Across all experiments, several consistent patterns emerge. Models exhibit a strong
texture bias under standard conditions, which can be reduced through transforma-
tions that preserve structural information. Vision Transformer models consistently
demonstrate higher shape bias and greater robustness than convolutional architec-
tures. Furthermore, both contextual changes and object scale significantly affect
model predictions, revealing limitations in generalization under distribution shifts.

These findings provide a comprehensive basis for interpreting model behavior and
are further analyzed in the following discussion chapter.
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6 Discussion

6.1 Overview of Findings

The objective of this thesis was to investigate whether object-centric augmentation
can be used as a structured framework for analyzing model behavior under con-
trolled visual manipulations. By combining segmentation, inpainting, and object-
level transformations, the proposed sam2aug pipeline enables the systematic isola-
tion of key visual factors, including texture, shape, context, and object scale.

Across all experiments, several consistent patterns can be observed. First, all evalu-
ated models rely heavily on texture cues under standard conditions, consistent with
prior work Geirhos et al. (2018). Second, this behavior can be systematically in-
fluenced through controlled transformations that preserve or emphasize structural
information. Third, differences between model architectures emerge across all set-
tings, with Vision Transformer models generally exhibiting greater robustness to the
applied perturbations.

The following sections discuss these findings in more detail for each experimental
setup.

Shape-Texture Bias and the Role of Structural Information The results
of the shape-texture bias experiments provide clear evidence that all evaluated
ImageNet-trained models are sensitive to texture manipulations. However, the de-
gree and nature of this sensitivity vary substantially across architectures and trans-
formation methods.

In the Texture Only condition, predictions are largely aligned with the texture
label across all models, consistent with previously reported observations of texture
bias in convolutional neural networks. At the same time, the results indicate that
this behavior is not fixed. When additional structural information is introduced,
the proportion of shape-consistent predictions increases. In the Texture + Edges
condition, the inclusion of edge information leads to a noticeable shift toward shape-
based decisions, suggesting that models retain sensitivity to structural cues but do
not prioritize them under standard conditions.

A further shift is observed in the Texture NST condition, where optimization-based
stylization preserves global structure while modifying surface appearance. In this
setting, shape-consistent predictions become more frequent, and semantic align-
ment improves, indicating that preserving spatial structure is important for enabling
shape-based recognition. In contrast, the Texture AdaIN condition leads to a dif-
ferent pattern. While the influence of texture is reduced, a substantial proportion
of predictions falls into the “other” category, suggesting that feature-space styliza-
tion may disrupt class-discriminative information more strongly, thereby increasing
uncertainty.
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Overall, these observations suggest that model behavior depends not only on archi-
tecture but also on how visual information is presented. By controlling the balance
between texture and structure, one can systematically influence prediction patterns.

Context Sensitivity and Distribution Shift The object relocation experi-
ment highlights the influence of background context on model predictions. Across
all models, relocating objects into novel environments reduces both accuracy and
prediction confidence, indicating that models incorporate contextual information
alongside object-specific features when making predictions. The observed differ-
ences across background types further indicate that semantically plausible contexts
can partially support recognition, whereas less familiar contexts lead to greater per-
formance degradation. The effect is more pronounced for convolutional models,
which exhibit higher rates of prediction change under background shifts. Vision
Transformers, especially ViT-Base, show comparatively greater stability, indicating
a higher degree of invariance to contextual changes.

These findings suggest that distribution shifts in background context can signifi-
cantly affect model behavior, even when the object itself remains unchanged.

Sensitivity to Object Scale The object rescaling experiment isolates the effect
of object size while keeping all other factors constant. Across all models, accuracy
decreases with object size, with a particularly pronounced decline at smaller scales.

This behavior indicates that model predictions depend on the availability of suffi-
cient visual detail. As the object becomes smaller, relevant features may become
less distinguishable, leading to reduced confidence and increased misclassification.
ViT-Base again demonstrates greater robustness, maintaining higher accuracy and
smaller confidence reductions than convolutional models. However, all models ex-
hibit substantial performance degradation at the smallest scales, suggesting a general
limitation in handling extreme variations in scale.

Architectural Differences: CNNs vs Vision Transformers Differences be-
tween convolutional neural networks and Vision Transformers are consistently ob-
served across all experiments. Vision Transformer models, particularly ViT-Base,
exhibit greater shape bias in the shape-texture experiments, suggesting a stronger
reliance on structural information than convolutional models.

This difference is also reflected in the model robustness experiments. In the object
relocation setting, convolutional models exhibit larger decreases in accuracy and
higher rates of prediction change when objects are placed in novel environments. Vi-
sion Transformers, in contrast, maintain more stable predictions and exhibit smaller
confidence changes. A similar trend is observed in the object rescaling experiment.
While all models exhibit performance degradation as object size decreases, ViT-Base
consistently achieves higher accuracy and smaller reductions in confidence than con-
volutional networks and ViT-Tiny.
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These results are consistent with the interpretation that transformer-based architec-
tures capture more global representations, whereas convolutional models rely more
heavily on local features Naseer et al. (2021). As a result, Vision Transformers
appear less sensitive to localized perturbations and contextual changes under the
evaluated conditions.

Semantic Robustness and Parent-Level Evaluation The introduction of parent-
level metrics provides additional insights into model behavior beyond strict top-1
accuracy. While fine-grained classification performance degrades under challenging
conditions, models often continue to assign probability mass to semantically related
classes, particularly in settings where structural information is preserved, such as the
Texture NST condition. In these cases, parent-level accuracy and probability mass
remain relatively high, indicating that models retain a degree of coarse semantic
understanding even when exact class predictions are incorrect.

These observations suggest that standard accuracy metrics alone may not fully cap-
ture the extent to which models preserve meaningful information under perturba-
tions. Evaluating performance at multiple levels of semantic granularity provides a
more comprehensive view of model behavior.

6.2 Limitations

Several limitations should be considered when interpreting the results. The use
of SAM 2 for segmentation requires bounding-box prompts or point coordinates,
limiting the experiments to datasets with available annotations. In addition, seg-
mentation quality depends on image characteristics, which influenced the selection
of suitable samples.

The use of LaMa for inpainting introduced an additional constraint. Inpainting
quality depends strongly on the amount of background context available after object
removal. For this reason, images containing objects that occupied too large a fraction
of the image could not be used reliably. In this work, this issue was addressed by
restricting the bounding-box area to at most 75% of the image area. While this
improved the quality of the inpainting results, it also reduced the pool of eligible
images.

These technical constraints necessitated substantial manual filtering and quality
control. Images and segmentation results were visually inspected, and only cases
suitable for the ImageNet validation set were retained. This procedure inevitably
introduced selection bias, as the final dataset does not represent a random sample
of ImageNet images. Although the original-image subset was further constrained
to include only images that all evaluated models correctly classified, this does not
eliminate the bias introduced by manual selection and filtering. A similar limita-
tion applies to the selection of donor textures. They were selected based on visual
properties such as contrast and structure, and may not fully represent the diversity
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of real-world textures. Furthermore, in the shape-texture experiments, the origi-
nal background was preserved, meaning that additional contextual cues may have
influenced model predictions. Finally, the LaMa inpainting model does not sup-
port efficient batch processing, which limits scalability and prevents integrating the
pipeline as an online data augmentation method during training.

6.3 Future Work

Future work can address these limitations and extend the proposed framework. One
direction is the use of segmentation methods that do not require explicit prompts
(e.g., SAM 3 (Carion et al., 2025)), thereby enabling fully automated dataset gener-
ation. Another important extension is integrating more efficient inpainting models
that support batch processing, enabling the incorporation of object-centric trans-
formations into training pipelines as a form of data augmentation.

Future work could also explore a broader, more systematic selection of donor tex-
tures, for example, by defining explicit criteria for texture complexity, frequency
content, or contrast statistics, thereby reducing manual bias in donor selection and
enabling a more controlled analysis of how specific texture properties influence model
behavior.

Further work could also experiment with more controlled manipulation of back-
ground context, for example, by removing or standardizing backgrounds, to bet-
ter isolate object-intrinsic features. More generally, the current pipeline could be
extended to other datasets, object categories, and transformation types, thereby
helping determine to what extent the findings of this thesis generalize beyond the
selected ImageNet subset and the specific manipulations studied here.
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7 Conclusion

This thesis investigated whether segmentation-based data augmentation can be used
as a structured framework for analyzing the behavior of modern image classification
models under controlled visual manipulations. To this end, the task-agnostic object-
centric sam2aug pipeline was developed to systematically generate datasets that
isolate visual factors such as texture, shape, context, and object scale.

The results show that this approach provides a flexible tool for studying model
behavior beyond standard benchmark evaluation. In particular, the experiments
confirm that ImageNet-trained models rely heavily on texture cues and demonstrate
that this behavior can be systematically influenced by transformations that preserve
structural information.

Across all experiments, consistent differences between model architectures were ob-
served. Vision Transformer models exhibit greater robustness and a higher reliance
on structural information compared to convolutional neural networks, indicating
differences in how visual information is represented.

In addition, the experiments highlight limitations in robustness to contextual and
geometric changes. Model predictions are affected by background shifts and object-
scale variations, whereas parent-level evaluation shows that models often retain
coarse semantic understanding even when fine-grained predictions fail.

Overall, this thesis contributes both a modular framework for object-centric data
augmentation and an empirical analysis of model behavior under controlled visual
manipulations. The findings provide a basis for future work to improve robustness
and to better understand decision-making in modern computer vision systems.
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A Appendix

This appendix provides detailed analyses that complement the main results, includ-
ing class-level evaluations, texture-specific effects, and additional evaluation metrics.

A.1 Image Selection Details

A.1.1 Inpainting Results Without Mask Dilation

Inpainting without mask dilation can lead to unexpected results and hallucinations
of a generative model that reconstructs the image using residual parts of the object
(Figure 12).

(a) (b) (c)

Figure 12: Sample image with inpainting results without mask dilation: (a) seg-
mented object, (b) background with cut-out object, (c) inpainted background with-
out dilation of the segmented mask.

A.1.2 Samples of Excluded Classes

The class “oven” has been excluded from the experiments in this thesis due to the
poor quality of the resulting segmentation masks. As illustrated in the Figure 13,
the object is not fully separated from the original image, resulting in residual object
fragments that leak into the background.

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

Figure 13: Samples of the generated masks for images from the class “oven”: (a)
original image, (b) segmentation mask, (c) background with cut-out object, (d)
inpainted background.



A APPENDIX 46

A.1.3 Possible Object Truncation by Relocation

One of the constraints for image selection was that the bounding box intersected the
image boundary in a way that suggested truncation. That helped avoid additional
potential bias in model predictions, as truncated relocated parts can mislead the
classification. In the Figure 14, some examples of truncated objects are shown.

Figure 14: Possible object truncation after relocation.

A.1.4 List of Selected Classes for Experiments

For the texture-shape bias experiment, we selected the following sub-classes out
of 15 parent categories (Table 4). Description of the classes is obtained from the
dictionary (Polhamus, 2023). For identifying a single class, the WordNet ID (WNID)
was used. Due to the image selection constraints, it was not always possible to obtain
10 images per class for all classes. These are two classes that were left with 7 images
each: knife and bottle.

Table 5 summarizes the subset of classes used for object relocation and rescaling
experiments.

The full list of selected single images, including prediction results and bounding box
area information that led to the selection, is available in the GitHub repository.

A.2 Additional Experimental Results

This chapter of the Appendix provides additional experimental results that comple-
ment the main findings presented in the core chapters of this thesis. The supple-
mentary analyses include extended quantitative evaluations, detailed breakdowns
by model architecture and class, and additional visual examples. These results are
intended to provide deeper insights into model behavior under varying transforma-
tions. While not central to the main narrative, the presented results support and
further substantiate the conclusions drawn in the primary analysis.

A.2.1 Shape-Texture Bias Experiment

Cross-Dataset Comparison Shape Bias (Top-5) Top-5 shape bias follows the
same trend as top-1, with consistently higher values across all models and conditions.
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Table 4: Selected classes and number of images for the shape-texture bias experiment

WNID Class name Parent category Amount of images

n02690373 Airliner Airplane 10

n02132136 Brown bear Bear 10

n02835271 Tandem bicycle Bicycle 10

n01514859 Hen Bird 10

n02981792 Catamaran Boat 10

n02823428 Beer bottle Bottle 7

n03100240 Convertible Car 10

n02123045 Tabby Cat 10

n04099969 Rocking chair Chair 10

n02708093 Analog clock Clock 10

n02090622 Borzoi Dog 10

n02504458 African elephant Elephant 10

n03085013 Computer keyboard Keyboard 10

n03041632 Cleaver Knife 7

n03417042 Garbage truck Truck 10

Table 5: Selected classes and number of images for object relocation with background
shift and object rescaling experiments

WNID Class name Parent category Amount of images

n02690373 Airliner Airplane 5

n02835271 Tandem bicycle Bicycle 5

n01514859 Hen Bird 5

n02981792 Catamaran Boat 5

n03100240 Convertible Car 5

n02123045 Tabby Cat 5

n04099969 Rocking chair Chair 5

n02708093 Analog clock Clock 5

n02090622 Borzoi Dog 5

n02504458 African elephant Elephant 5

n03417042 Garbage truck Truck 5

Structural transformations (Texture + Edges, NST, AdaIN) substantially increase
shape bias, with the highest values observed for ViT-Base in the stylized datasets
(Figure 15).
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Figure 15: Shape bias computed from top-5 predictions across all dataset variants
(x-axis) and different models (bar color).

Class-Level Analysis To provide a more compact and interpretable overview
of model behavior, we analyze class-level shape bias aggregated across all donor
textures (Figures 16 – 19). This representation summarizes how consistently each
model relies on shape information for a given object class based on the model’s top-1
predictions.

In the Texture Only condition, shape-consistent predictions are largely suppressed
across most classes (Figure 16). Only a small number of structurally distinctive
classes, such as rocking chair and catamaran, retain moderate shape bias. This con-
firms that replacing object appearance with texture strongly shifts model decisions
toward texture cues.

Introducing structural information in the Texture + Edges condition leads to a
noticeable increase in shape bias for several classes (Figure 17). In particular,
classes with distinctive geometric structure, such as tandem bicycle and rocking
chair, show strong recovery of shape-consistent predictions. However, variability
across classes remains, indicating that edge information only partially restores shape-
based recognition.

In the Texture NST condition, shape bias increases substantially across most classes
(Figure 18). Many classes achieve high shape-consistent prediction rates, especially
for Vision Transformer models. This suggests that optimization-based stylization
preserves global structure sufficiently to support shape-based recognition, while re-
ducing the influence of texture.

The Texture AdaIN condition exhibits a different pattern (Figure 19). While shape
bias remains high for several classes, predictions are less consistent across models
and classes. In particular, some classes show increased variability, reflecting the fact
that feature-based stylization can alter both texture and structural cues.



A APPENDIX 49

Figure 16: Class-level shape bias in the Texture Only dataset. Values represent
the proportion of shape-consistent top-1 predictions aggregated across all donor
textures.

Across all conditions, Vision Transformer models - especially ViT-Base - consistently
achieve higher shape bias across classes compared to convolutional networks. This
indicates a stronger reliance on global structure and greater robustness to texture
perturbations.

Semantic Robustness: Parent-Level Metrics To complement the fine-grained
evaluation, model predictions were also evaluated at the parent-category level, pro-
viding a more coarse-grained measure of semantic correctness (Table 6). We high-
light in bold the highest accuracy values and the lowest error values.

Parent-level metrics follow the same trend as the class-instance shape predictions
presented in Chapter 5 (Figure 10), with the lowest shape-level performance in the
Texture Only condition and the highest in the Texture NST condition, indicating
improved coarse semantic alignment under structurally preserved transformations.
Similar to the main top-1 and top-5 results, we observe that ViT-Base achieves the
highest performance across all datasets, predicting labels more often that are similar
to the original ”shape” class.
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Figure 17: Class-level shape bias in the Texture + Edges dataset.

Figure 18: Class-level shape bias in the Texture NST dataset.
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Figure 19: Class-level shape bias in the Texture AdaIN dataset.

A.2.2 Object Relocation with Background Shift Experiment

Class-Level Analysis To further analyze model behavior under contextual changes,
we evaluate performance at the class level.

Class-wise accuracies were computed by grouping generated samples by object class
and model, and averaging correctness indicators across all generated instances of
the respective class. Since background type was not included in the grouping, the
reported class-wise results aggregate performance across both evaluated relocation
backgrounds.

Table 7 reports class-wise top-1 accuracy and the change in predicted probability
for the correct class for the object rescaling experiment across all evaluated model
architectures. Again, in bold we highlight the highest values for the accuracy metric
and the lowest for the error-based metric.

Top-1 Accuracy by Class The distribution of top-1 accuracy across object classes
is shown in Table 7. Performance varies substantially across classes and models.
Several classes achieve consistently high accuracy across models. For example, hen
bird and rocking chair exhibit high top-1 accuracy, with multiple models achiev-
ing 90–100%. In contrast, some classes exhibit lower performance. The class air-
liner shows strong variability across models, ranging from 40% (ResNet-18) to 100%
(ViT-Base). Similarly, class garbage truck exhibits large differences, with ViT-Base
achieving 100%, while ViT-Tiny reaches 0%. tabby cat class shows generally higher
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Table 6: Parent-category-based evaluation metrics across shape-texture dataset vari-
ants and model architectures

Dataset Variant Model Parent Top-1 Parent Top-5 Parent Probability Mass

Texture Only ResNet-18 6,10% 19,30% 4,80%

Texture Only ViT-Tiny 7,50% 17,20% 6,60%

Texture Only ResNet-50 7,80% 25,30% 6,80%

Texture Only ViT-Base 15,60% 33,20% 13,50%

Texture + Edges ResNet-18 28,60% 50,10% 24,40%

Texture + Edges ViT-Tiny 26,00% 46,80% 23,30%

Texture + Edges ResNet-50 35,60% 57,20% 31,20%

Texture + Edges ViT-Base 47,20% 75,00% 42,00%

Texture AdaIN ResNet-18 26,20% 46,20% 21,10%

Texture AdaIN ViT-Tiny 28,30% 46,20% 23,60%

Texture AdaIN ResNet-50 30,60% 53,60% 25,30%

Texture AdaIN ViT-Base 52,80% 79,20% 44,80%

Texture NST ResNet-18 37,80% 63,10% 31,60%

Texture NST ViT-Tiny 34,20% 58,20% 29,30%

Texture NST ResNet-50 42,60% 66,90% 38,40%

Texture NST ViT-Base 65,70% 86,50% 57,20%

accuracy for CNN-based models, with ResNet-18 achieving 30% and 10%, respec-
tively, while Vision Transformers have 0%.

Confidence Change Across all classes and models, ∆P (correct) is predominantly
negative, indicating a decrease in confidence after object relocation. The magnitude
of this decrease varies substantially across classes. Some classes show relatively small
decreases, such as hen bird and rocking chair, where values remain closer to zero.
In contrast, larger decreases are observed for classes such as airliner, garbage truck,
and borzoi dog, where ∆P (correct) reaches values below -0.6 for several models and
even -95 for ViT-Tiny for the garbage truck class.

Across models, ResNet-18 and ViT-Tiny generally exhibits the largest decreases in
probability, while ViT-Base shows smaller reductions for many classes.

A.3 Image Rights

Texture images for the shape-texture bias experiment (Figure 5) and background
images for the background shift experiment (Figure 7) were obtained from Un-
splash Unsplash (2026a). All images are distributed under the Unsplash License Un-
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Table 7: Class-wise Top-1 accuracy and ∆P (correct) for the object rescaling exper-
iment across different model architectures

ResNet-18 ViT-Tiny ResNet-50 ViT-Base

Class Top-1 ∆P (correct) Top-1 ∆P (correct) Top-1 ∆P (correct) Top-1 ∆P (correct)

African elephant 70.00% -34.33% 70.00% -17.56% 100.00% 3.38% 80.00% -22.78%

Airliner 40.00% -75.23% 10.00% -80.63% 50.00% -51.10% 100.00% -25.36%

Analog clock 10.00% -50.82% 80.00% -22.02% 50.00% -50.01% 100.00% -13.89%

Borzoi dog 40.00% -69.03% 70.00% -59.97% 90.00% -21.51% 80.00% -24.78%

Catamaran boat 80.00% -31.92% 50.00% -36.93% 50.00% -54.98% 70.00% -42.08%

Convertible car 60.00% -51.72% 40.00% -43.42% 90.00% -14.15% 100.00% -23.62%

Garbage truck 30.00% -75.06% 0.00% -95.03% 80.00% -34.16% 100.00% -27.96%

Hen bird 90.00% -17.98% 100.00% -20.13% 90.00% -8.61% 100.00% -4.94%

Rocking chair 80.00% -28.91% 90.00% -18.01% 100.00% -6.66% 100.00% -2.46%

Tabby cat 30.00% -35.02% 0.00% -60.28% 30.00% -39.73% 0.00% -47.70%

Tandem bicycle 70.00% -40.93% 60.00% -53.67% 80.00% -21.36% 90.00% -27.06%

splash (2026b), which allows usage free of charge for both commercial and non-
commercial purposes.

The individual image sources are documented in the bibliography: Figure 5 (left to
right): peacock feathers Mozhvilo (2024), tiger texture Maltsev (2025), zebra tex-
ture YAICH (2018), chain mail texture 2H Media (2023), honeycomb texture Hamersmit
(2021); Figure 7 background images (left to right): open-water background Giglia
(2022), and water-surface background yucar studios (2016).
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