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Nomenclature

Abbreviations
Abbreviation Definition
CNN Convolutional Neural Network
DNN Deep Neural Network
IID Independent and identically distributed
ID In-distribution
OO0D Out-of-distribution
RGB Red, Green, Blue (3-channel colour image)
RGB-D RGB plus Depth (4-channel input/depth-augmented setting)
RQ Research Question (RQ1, RQ2, RQ3, ...)
SGD Stochastic Gradient Descent
AdamW Adam optimiser with decoupled weight decay
Datasets
MNIST Modified National Institute of Standards and Technology dataset
NICO++ Non-1.1.D. Image Dataset with Contexts++
CIFAR-10 10-class image classification benchmark dataset
ImageNet Large-scale image classification dataset/benchmark

NYU Depth (V2)
KITTI

NYU Depth Dataset (used as monocular depth benchmark)
KITTI dataset (used as monocular depth benchmark)

Models

ResNet-18 18-layer Residual Network
MobileNetV2 MobileNet version 2
ShuffleNetV2 ShuffleNet version 2

EfficientNet-BO

EfficientNet baseline variant BO

Symbols
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Introduction

Modern computer vision systems are now widely used in everyday life. They help cars recognise pedes-
trians, assist robots in navigating indoor spaces, and allow software to classify images automatically. In
many cases, these systems perform impressively well, as long as the data they see at test time closely
resembles the data they were trained on.

However, a persistent problem emerges when these systems are exposed to new situations. A model
trained to recognise objects in one environment may fail when the background, lighting, or context
changes, even if the object itself remains the same. For example, a system that learns to recognise
dogs mostly from images of dogs on grass may struggle to recognise a dog standing in water or snow.
This phenomenon is known as poor generalisation under distribution shift, or more specifically,
out-of-distribution (OOD) failure.

This thesis is motivated by a simple but important question: How can we help vision models rely less on
superficial visual cues, and instead learn representations that remain reliable when conditions change?

Most image classifiers today are trained using RGB images, which encode colour and texture. While
this information is rich, it can also be misleading. Models often learn shortcuts, statistical regularities in
the training data that correlate with the correct label but are not truly essential. For instance, background
colour, texture patterns, or lighting conditions may accidentally become strong predictors during training,
even though they are irrelevant to the object itself.

Humans, by contrast, rely heavily on structure and geometry. We recognise objects by their shape,
relative layout, and spatial extent, not only by their colour or texture. One way to encode such structural
information in computer vision is through depth, a signal that describes how far different parts of the
scene are from the camera.

Depth information has long been known to improve robustness in vision systems. However, most exist-
ing approaches assume access to specialised sensors (such as RGB-D cameras) or rely on complex
model architectures. In many real-world scenarios, only a single RGB image is available.

This leads to the central idea explored in this thesis: Can estimated depth, predicted from a single RGB
image, act as a simple and practical signal that improves robustness under distribution shift, without
redesigning models or requiring extra sensors?

This thesis studies whether adding a single predicted depth channel to standard image classifiers
can help them generalise better to unseen conditions. Rather than proposing a new model architec-
ture, the work deliberately focuses on minimal interventions, standard convolutional neural networks
(CNNs) trained from scratch with depth added only as an extra input channel. The goal is not to max-
imise performance at all costs, but to understand causally whether imperfect geometric information
itself helps models move away from brittle, appearance-based shortcuts. To answer this, the thesis sys-
tematically compares RGB-only models, which see only colour images, and RGB-D models, which
see colour plus estimated depth. It then evaluates how these models behave when the visual context
changes, such as when background environments differ between training and testing.

To make the investigation as clear and interpretable as possible, the thesis progresses in stages. First,
it uses highly controlled toy experiments, where the source of the distribution shift is explicitly de-
signed. In these experiments, background colour acts as a known shortcut, and depth information is
synthetically defined. This setting allows the effect of depth to be isolated very precisely.

Next, the thesis moves to a real-world benchmark, where objects appear in a variety of natural con-
texts. Here, depth is not measured directly, but predicted using a modern monocular depth estimation
model. By gradually corrupting this depth signal with noise, the thesis further tests whether performance
gains truly depend on geometric structure, or whether they arise merely from adding extra input dimen-
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sions. Together, these experiments form a coherent storyline, from simple and interpretable settings to
realistic and noisy conditions, all aimed at understanding the role of depth in robust visual recognition.

This thesis report is organised into three main parts. Part 1 (this chapter) provides a high-level intro-
duction and motivation. Its purpose is to explain the problem setting, the intuition behind the approach,
and the overall structure of the work in a clear and accessible manner. Part 2 presents the technical
background required to understand the scientific contribution. This includes background on convo-
lutional neural networks, domain generalisation and out-of-distribution robustness, shortcut learning,
RGB-D vision, and depth estimation. These sections introduce the key concepts and terminology used
later, without yet presenting new experimental results. Part 3 contains the scientific article that forms
the core of the thesis. This part presents the research questions, experimental design, results, and anal-
ysis. It builds directly on the concepts introduced in Part 2 and provides empirical evidence addressing
the central question of the thesis.



Background

0.1. Image Classification as a Computer Vision Task

Image classification is one of the most fundamental and widely studied problems in computer vision.
At its core, the task consists of assigning a discrete label to an input image, typically corresponding to
the object, scene, or concept that the image depicts. Formally, given an image represented as a two-
dimensional grid of pixel intensity values (with one or more colour channels), an image classification
system learns a function f : RE>XWxC {1,..., K}, where H, W, and C are the image height, width,
and number of channels, respectively, and K is the number of possible classes. Examples of both
single-label and multi-label image classification are shown in Figure 1.

The significance of image classification goes beyond its apparent simplicity. It is a foundational problem
upon which more complex computer vision tasks, such as object detection, semantic segmentation, and
action recognition, are built. Successful solutions to image classification enable machines to interpret
and reason about visual information, a prerequisite for applications in autonomous driving, medical
image analysis, robotics, and many other domains.

Historically, image classification relied on manually designed feature extraction pipelines. Classical
methods such as Scale-Invariant Feature Transform (SIFT) [46] and Histogram of Oriented Gradients
(HOG) [7] produced hand-crafted descriptors to capture salient visual information. These features were
then fed into machine learning models such as Support Vector Machines (SVMs) for classification.
Although effective in constrained settings, such approaches struggled to generalise across diverse
datasets and tasks, due to the limited expressiveness of hand-engineering [20].

The advent of deep learning fundamentally transformed the field. Convolutional Neural Networks
(CNNs), first popularised with the LeNet architecture for handwritten digit recognition [4 1], demonstrated
the ability to learn hierarchical feature representations directly from raw pixel data. This approach
reached mainstream success with Krizhevsky et al.’s AlexNet (2012), which achieved a breakthrough
performance in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [38]. CNNs learn
multiple levels of abstraction, with lower layers detecting simple edges and textures, and deeper layers
capturing increasingly complex patterns, such as object parts and global shapes [20].

Today, image classification remains a benchmark problem and a proving ground for novel computer
vision models. Datasets such as CIFAR-10 [37], MNIST [10], and ImageNet [9] have become standard
evaluation tools, each testing different aspects of model capacity, robustness, and scalability. State-of-
the-art approaches extend beyond CNNs, incorporating attention mechanisms (e.g., Vision Transform-
ers) [11] and multimodal learning strategies, yet the central challenge remains the same: mapping raw
visual input to semantic categories reliably and efficiently.

In the context of this thesis, image classification serves as the foundation for examining how pseudo-
depth cues influence generalisation under distribution shifts. Background-coloured datasets like the toy
MNIST variants (see subsection 0.6.2 and 0.6.3), as well as natural-context datasets such as NICO++
(subsection 0.6.4), allow us to probe a specific failure mode of image classifiers: the tendency to rely
on superficial correlations such as colour or texture. Because the classification pipeline is fixed and
well understood, any performance change when augmenting RGB inputs with an estimated depth chan-
nel can be directly attributed to the added geometric signal, rather than to confounding factors in the
task itself. Thus, image classification provides a controlled yet challenging environment for answering
our research question: can depth-like structural information help CNNs focus on object geometry and
thereby improve out-of-distribution robustness?

vii
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o Single-label classification o Multi-label classification

[ Dog ] [ Cat, Dog, Rabbit ]

Figure 1: Examples of image classification, taken from [31]. (Left) Single-label classification, where the model assigns
exactly one category to each image (e.g., "Dog”). (Right) Multi-label classification, where multiple categories may
simultaneously be present in the same image (e.g., "Cat, Dog, Rabbit”). Dashed boxes indicate detected object regions
associated with each label.

0.2. Deep Neural Networks

Deep Neural Networks (DNNs) are a class of machine learning models inspired by the structure and
function of the human brain. They are composed of multiple layers of interconnected processing units,
called artificial neurons, that collectively transform input data into meaningful output predictions. The
“deep” in DNNs refers to the presence of multiple hidden layers between the input and output layers,
which allows these models to learn increasingly abstract and complex representations of data [20].

A single artificial neuron can be described as a function that computes a weighted sum of its inputs,
applies a bias term, and then passes the result through a non-linear activation function:

h(x) = o(w'x+b), (1)

where
+ x € R?is the input vector,
« w € R? are the learnable weights,
* b€ Ris a bias term,
* o(+) is a nonlinear activation function, such as ReLU

Stacking many such neurons together forms a layer. A feedforward neural network with L layers can
be expressed as a nested composition of functions:

h — U(W(l)x + b(l)), h® — U(w(2)h(1) + b(2)>7 e, Y= f(h(L)), (2)

where y is the model’s output (e.g., class probabilities in classification tasks), and W®, b(®) are learn-
able parameters at layer [. Figure 2 illustrates a prototypical feedforward deep neural network.
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Input Hidden Output
layer layers layer
X1
X ZI Y1
X3 Z| f— Yy,
X4

Figure 2: Schematic of a fully connected feedforward DNN, reproduced from [1]. The network consists of an input layer
with four units, two hidden layers, and an output layer with two units. Each node represents an artificial neuron, and each
directed edge denotes a learnable weighted connection between neurons in adjacent layers, illustrating the dense connectivity
that allows the network to combine information from all inputs. Hidden layers apply affine transformations followed by nonlinear
activation functions, enabling the network to learn hierarchical feature representations from the input.

While the formulation above provides a general description of deep networks, in this thesis, DNNs
play a more specific role. They serve as the computational backbone for the classification models
used in our pipelines. In practice, we do not rely on fully connected feedforward networks for image
understanding. Instead, we use Convolutional Neural Networks (CNNs) (see section 0.4), which exploit
spatial locality through weight sharing and are therefore better suited to visual data. These architectures
extract progressively more abstract spatial features, edges, textures, and shapes that form the basis
for the RGB(-D) classifiers evaluated throughout this work.

Recent work has shown that DNNs often rely on spurious correlations and shortcut cues that are suf-
ficient for high in-distribution accuracy but fail under domain shift. These representation biases arise
naturally from the statistical structure of RGB data and the inductive biases of convolutional architec-
tures. From this perspective, auxiliary signals that emphasise more stable scene properties, such as
geometry, may act as a mechanism to counteract shortcut learning rather than merely providing addi-
tional information.

0.2.1. Fully Connected Layers

Fully connected (dense) layers are among the simplest components of deep neural networks: each neu-
ron receives input from every unit in the previous layer, allowing the model to combine all features jointly
(see Figure 2). Because they make no assumptions about spatial or structural locality, dense layers
are highly expressive universal approximators [28], but also extremely parameter-intensive. Mapping
a flattened 28 x 28 MNIST image (d = 784) to even a moderate hidden layer of size & = 1000 already
requires 785,000 weights, and scaling to larger images would result in hundreds of millions. This prac-
tical limitation is one of the reasons convolutional architectures, which exploit spatial structure, became
the standard for image tasks.

In modern CNN-based classifiers, fully connected layers typically appear only at the final stage, trans-
forming the learned spatial feature maps into class logits. This limited but crucial role is the one relevant
to this thesis. The classifiers used in our RGB and RGB-D experiments rely on dense layers only as
a final classification head, after convolutional layers have extracted object-level features. Likewise,
when integrating pseudo-depth, the additional depth channel enriches the feature representation fed
into these final fully connected layers, but does not alter their function. Thus, while dense layers are
not central to the geometric reasoning explored in this work, they serve as the final decision-making



0.3. The Building Blocks of Convolutional Neural Networks X

stage that reflects the benefit (or lack thereof) of incorporating depth information into the learned rep-
resentation.

0.2.2. Representation Depth in Neural Networks

In this subsection, we briefly discuss the notion of architectural depth in neural networks, which should
not be confused with the notion of geometric depth used elsewhere in this thesis to refer to scene
structure or depth maps.

Shallow neural networks (with one hidden layer) are universal function approximators [28], meaning
they can approximate any continuous function on compact subsets of R". However, they often require
an impractically large number of units to model complex functions. Deeper networks, by contrast,
can represent compositional hierarchies more efficiently. Each additional layer allows the network to
capture higher-level abstractions by reusing and recombining features learned in earlier layers [20].

In the context of image classification, early layers typically learn low-level visual primitives such as
edges or corners, intermediate layers capture textures or object parts, and deeper layers encode object-
level or scene-level semantics. This hierarchical representation learning is a key advantage of DNNs
over classical machine learning approaches that rely on hand-crafted features.

0.2.3. Training and Generalisation

The parameters of a DNN are learned by minimising a chosen loss function (e.g., cross-entropy for clas-
sification). The optimisation relies on the backpropagation algorithm to compute gradients efficiently
[55]. However, the flexibility of DNNs also makes them prone to issues such as overfitting (memorising
training data) or underfitting (failing to capture structure). See subsection 0.5.4 for more details on
these.

Despite these hurdles, deep networks have achieved state-of-the-art performance across many do-
mains: vision, speech, natural language processing, and even reinforcement learning [40]. Their
success is attributed to both algorithmic innovations and the availability of large-scale datasets and
computational resources, especially GPUs.

0.3. The Building Blocks of Convolutional Neural Networks

0.3.1. The Convolution Operation

At the heart of Convolutional Neural Networks (CNNs) lies the convolution operation. This operation is
designed to extract local patterns from structured data, such as images, by systematically combining
small, localised regions of the input with learnable filters (often called kernels). Unlike fully connected
layers, where every input unit connects to every output unit, convolution restricts connections to local
neighbourhoods. This makes CNNs computationally efficient and particularly well-suited to image data,
where spatial locality matters [20].

Mathematically, given an inputimage I € R *W (for simplicity, a single-channel grayscale image), and
a kernel K € R™*™_ the convolution operation produces an output feature map O € R¥ W' defined
as:

m—1n—1

O(i,j) = Y > K(u,v) - I(i+u,j+v), (3)

u=0 v=0

where
* (4,4) indexes a location in the output,
* (u,v) indexes positions in the kernel,
+ the kernel “slides” over the input image to compute a weighted sum at each location.

An illustration of this process is shown in Figure 3, where a 2 x 2 kernel is convolved with a4 x 4 input.
Each step corresponds to a local weighted sum, which forms one entry of the output feature map.
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Figure 3: Example of the convolution operation, from [18]. A 2 x 2 kernel (centre) is applied to a 4 x 4 input matrix (left),

producing a 3 x 3 output feature map (right). At each step, the kernel is multiplied element-wise with the corresponding region

of the input, and the results are summed to yield a single value in the output. This process illustrates how convolution extracts
local features by sliding the kernel across the input.

Although this operation is technically cross-correlation (since the kernel is not flipped), the deep learning
literature conventionally refers to it as convolution [12].

The convolution can be interpreted as a mechanism for detecting patterns in the input. Each kernel spe-
cialises in responding strongly to certain structures, such as edges, corners, or textures, depending on
how its weights are learned during training [41]. By applying multiple kernels in parallel, a convolutional
layer produces a collection of feature maps, each emphasising a different aspect of the image.

Importantly, this operation leverages three advantageous properties:

» Parameter efficiency: Kernels are reused across the entire input, significantly reducing the num-
ber of parameters compared to fully connected layers.

 Translation equivariance: A feature detected in one region of the image will produce a similar
response if it appears elsewhere, which is essential for recognising objects regardless of their
position.

* Locality: By focusing on small neighbourhoods, convolutions capture spatially local dependencies
that are fundamental to natural images.

These properties explain why convolutional architectures have become a dominant paradigm for com-
puter vision tasks, and in particular image classification [40].



0.3. The Building Blocks of Convolutional Neural Networks xii

0.3.2. Convolutional Kernels

A central component of CNNs is the convolutional kernel (or filter), a small matrix of learnable param-
eters applied to local regions of the input. Through the convolution operation, each kernel detects a
particular pattern, such as edges, corners, or textures, based on how its weights evolve during training.

Formally, a kernel K € R™*" slides across the input image I € R”*W  computing a dot product with
each local patch (see Equation 3). Because the same weights are reused at every spatial location,
kernels provide translation equivariance: the detector responds similarly to the same feature wherever
it appears in the image [20]. A single convolutional layer typically includes many kernels running in
parallel, each producing its own feature map. This collection of maps yields a rich, spatially structured
representation of the input, from simple oriented edges in early layers to more complex motifs in deeper
layers [40]. Figure 4 illustrates how different kernels emphasise different structures even when applied
to the same image.

Kernel size is a key architectural choice. Modern CNNs favour small kernels (e.g., 3 x 3), since stacking
several such layers increases the effective receptive field while keeping the parameter count low [58].

Original Gaussian Blur Sharpen Edge Detection
0 0 0 1 1 2 3 0 -1 0 -1 -1 -1
01 0 16 2 4 2 —1 5 -1 -1 8 -1
0 0 0 1 2 1 0 -1 0 -1 -1 -1

Figure 4: Examples of convolutional kernels and their effects on an image, taken from [32]. Each kernel (top row)
encodes a different operation, such as Gaussian blurring, sharpening, or edge detection. When applied to the same input image
(bottom row), the resulting outputs highlight different aspects of the image, illustrating how kernels act as feature detectors.

0.3.3. The Receptive Field

In CNNs, the receptive field of a unit is the region of the input image that influences its activation [20].
In the first convolutional layer, this region corresponds directly to the kernel size (e.g., a 3 x 3 kernel
observes a 3 x 3 patch). As layers are stacked, receptive fields expand: each deeper unit aggregates
information from larger portions of the original image. This hierarchical growth is illustrated in Figure 5,
where an activation in a later layer corresponds to a progressively larger input area.
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Figure 5: Receptive field expansion across layers. A deeper-layer activation (red) depends on a larger region of the input
(red + orange). Example taken from [34].

Formally, if R, denotes the receptive field at layer | with kernel size k; and stride s;_; in the previous
layer, then:
R =R;_1+ (kl — 1) S1—1, (4)

with Ry = 1 for an individual input pixel [12]. Larger strides increase the rate at which receptive fields
grow, as shown in Figure 6, where skipping input positions yields fewer outputs but a broader area of
influence per activation.
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Figure 6: Effect of stride on receptive fields. A stride of 2 skips input positions, enlarging the receptive field of each output
unit. Example taken from [34].

Although convolutional kernels are typically small, stacking multiple layers allows CNNs to learn both
local features (edges, textures) and global structures (object shapes). In this thesis, this property is
especially relevant because the pseudo-depth channel provides additional structural cues that become
increasingly influential at deeper receptive fields, where the network integrates global shape information
rather than superficial colour or texture.

0.3.4. Pooling Layers

Pooling layers reduce the spatial resolution of feature maps while preserving the most informative
activations. This makes representations more compact and computationally efficient, and introduces a
degree of invariance to small spatial shifts [20].

Formally, for an input feature map F' € R”*"W  a pooling window of size p x p, and stride s, the pooled



0.3. The Building Blocks of Convolutional Neural Networks xiv

output P is defined as
P(i,j) = pool(F(u,v) : u € [is, is+p—1], v € [js, js+p —1]), (5)

where pool(-) is typically a max or average operator. Max pooling is the most common, highlighting the
strongest local responses (see Figure 7), while global pooling collapses each channel to a single value
and is often used instead of fully connected layers [44].

12 120 [ 30 | O

§ 11211 2 | 0 | 5x2MaxPool |20 30
34 [ 70 | 37 | 4 112 37

112 {100 | 25 | 12

Figure 7: Example of 2 x 2 max pooling from [8]. For each non-overlapping 2 x 2 region in the input feature map, the
maximum value is selected and propagated to the output. This operation reduces the spatial resolution of the feature map
while preserving the strongest local activations, introducing a degree of translation invariance.

Although pooling supports efficient, translation-robust representations, it removes fine spatial detail and
can hinder tasks requiring precise localisation. For this reason, modern CNNs sometimes replace pool-
ing with strided convolutions [62]. In the models used throughout this thesis, pooling mainly serves to
progressively condense RGB and pseudo-depth features before classification, allowing deeper layers
to focus on more global object structure.

0.3.5. Padding

Convolutional kernels have limited coverage near image borders, which causes feature maps to shrink
after each layer. Padding mitigates this by adding extra pixels, typically zeros, around the input so that
boundary regions are processed in the same way as interior ones [20].

For an input of size H x W, kernel size k, stride s, and padding p, the output resolution is

 H-k+2p W —k+2p
S

H +1, w’ +1. (6)
Two common modes are valid padding (p = 0), where the output shrinks, and same padding, where p

is chosen to preserve the input dimensions (see Figure 8).
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Figure 8: Example of ”same” padding, adapted from [6]. Zeros are added around the input so that the convolution
produces an output of the same spatial size.
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Padding also affects how receptive fields grow. By preventing rapid spatial downsampling, it enables
deeper CNN layers to integrate broader context. In the models used in this thesis, padding ensures that
both RGB and pseudo-depth features maintain consistent spatial alignment throughout the network.

0.3.6. Activation Functions

Activation functions introduce the non-linearity that allows deep networks to learn complex mappings.
Without them, a stack of convolutions or fully connected layers would reduce to a single linear transfor-
mation, severely limiting the model’s capacity [20]. In CNNs, the activation is applied element-wise to
the output of each layer.

The models used in this thesis rely exclusively on the Rectified Linear Unit (ReLU), defined as
ReLU(z) = max(0, z). (7)

ReLU is computationally simple, avoids vanishing gradients for positive inputs, and has become the
standard choice for modern CNNs [50]. Its sparsifying effect (zeroing out negative activations) helps
networks focus on salient features while keeping optimisation stable.

0.4. Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a specialised class of DNNs designed to process data with
a grid-like structure, most notably images [20, 41]. CNNs exploit the spatial structure of images by
using convolutional operations, local connectivity, and shared weights to efficiently learn hierarchical
representations. They are a dominant paradigm in computer vision and have achieved state-of-the-art
results in tasks such as image classification, object detection, and segmentation [40].

0.4.1. Architecture Overview

A typical CNN consists of a sequence of layers that progressively transform raw image pixels into
high-level representations suitable for classification or other tasks. The key building blocks, already
introduced in the previous section, play the following roles:

» Convolutional layers apply kernels that detect local patterns in the input. Early kernels may
respond to edges and simple textures, while deeper ones capture increasingly abstract features
such as object parts or shapes.

Receptive fields grow deeper into the network, allowing units to aggregate information from
larger portions of the input. This hierarchical expansion enables CNNs to detect global structures
while still leveraging local detail.

Pooling layers reduce the spatial resolution of feature maps, making representations more com-
pact and less sensitive to small translations or distortions.

» Padding ensures that convolutional kernels can be applied near image borders without shrinking
the spatial size of feature maps.

Activation functions introduce nonlinearity, enabling the network to learn complex mappings
that cannot be represented by linear transformations alone.

Stacking these components results in a layered hierarchy: convolutional and pooling layers alternate
to gradually abstract information, and activation functions are applied at each stage. Deeper in the
architecture, feature maps become lower in resolution but richer in semantic content. The overall
process is illustrated in Figure 9, where convolution, activation, pooling, and fully connected layers are
combined into a complete architecture.
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Figure 9: High-level architecture of a Convolutional Neural Network (CNN), from [59]. The input image is processed by a
sequence of convolutional layers with nonlinear activation functions (e.g., ReLU) and pooling layers, which extract increasingly
abstract feature maps. These are then flattened and passed through fully connected layers, which generate class scores that
are converted into a probability distribution by a SoftMax function. This illustrates the end-to-end mapping from raw pixels to
semantic class predictions.

After several stages of convolution, pooling, and activation, the high-level features are typically fed into
fully connected layers (or global pooling layers) to produce the final output, for example, a probability
distribution over object categories in an image classification task.

This design allows CNNs to automatically learn what features to detect and how to combine them, elim-
inating the need for manual feature engineering that characterised earlier computer vision approaches.
Crucially, weight sharing across the image (via kernels) and hierarchical representation learning make
CNNs both computationally efficient and highly expressive [20].

In the context of this thesis, CNNs serve as the backbone for the image classification models evaluated
in the RGB and RGB-D settings. The same convolutional principles, local kernel operations, deep
receptive fields, and hierarchical feature abstraction underpin both streams. This shared structure
allows us to investigate how augmenting RGB features with a depth channel influences the learned
representation and whether it improves out-of-distribution generalisation.

0.4.2. Convolutional Neural Network Architectures Used in This Thesis

This thesis evaluates several widely used CNN architectures that represent different design principles
in modern deep learning. Rather than focusing on their computational efficiency, we use these models
as diverse representatives of contemporary CNN design, allowing us to examine whether incorporating
pseudo-depth influences classification performance across different architectural families.

ResNet-18 [24] is a canonical example of residual network design. Its skip connections enable stable
gradient propagation through identity mappings, making it a robust and versatile backbone for image
classification. Although smaller than deeper ResNet variants, ResNet-18 maintains strong representa-
tional capacity and serves as a reliable baseline architecture in many vision benchmarks.

EfficientNet [63] introduces a compound scaling strategy that systematically balances network depth,
width, and input resolution. Instead of relying on ad-hoc scaling, EfficientNet uses a principled method
to adjust model capacity in a coordinated manner. This results in a family of architectures that capture
a broad range of representational characteristics.

MobileNet [29, 56] is built around depthwise separable convolutions, which factorise standard convo-
lution into depthwise and pointwise components. This structural decomposition changes how features
are extracted without altering the core convolutional principles. MobileNetV2 further introduces inverted
residual blocks with linear bottlenecks, offering a distinct architectural style compared to traditional
residual networks.
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ShuffleNet [48, 70] employs group convolutions and channel shuffling to reorganise how informa-
tion flows between feature channels. Its design explores alternative ways of distributing computation
and feature mixing, making it architecturally complementary to both standard residual networks and
MobileNet-style depthwise convolutions. ShuffleNet V2 further refines this design by addressing practi-
cal efficiency constraints such as memory access cost and channel imbalance, resulting in more stable
and efficient feature propagation while preserving the core channel-shuffling principle.

Together, these architectures, ResNet-18, EfficientNet, MobileNet, and ShuffleNet, allow us to inves-
tigate our research question across different CNN design patterns and inductive biases. Because
pseudo-depth is introduced via early fusion at the input level, its influence is exposed to the earliest
feature extraction mechanisms of each architecture. By evaluating the effect of adding a pseudo-depth
channel on models with distinct structural biases, we obtain a more robust understanding of whether
depth cues consistently improve out-of-distribution generalisation.

0.5. Training Process

Once a network architecture has been defined, the next step is to train its parameters so that the model
can perform the target task, such as image classification. Training iteratively adjusts the network’s
weights and biases so that its predictions match the ground-truth labels in the dataset [20].

The process consists of three main steps:
* Forward pass: Input images are propagated through the network, and each layer applies its
operations (convolution, activation, pooling, etc.) to produce a prediction.
* Loss computation: A loss function measures the discrepancy between the prediction and the
true label for the current batch.

+ Backward pass and update: Using backpropagation, gradients of the loss with respect to each
parameter are computed, and an optimisation algorithm (e.g., SGD) updates the weights to re-
duce future error.

This cycle repeats over many iterations grouped into epochs, where one epoch corresponds to a full
pass through the training set. Over time, the parameters converge toward values that minimise the loss
and improve performance on unseen data. A simplified overview of this loop is shown in Figure 10.
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Figure 10: Overview of the training process, exemplified from [52]. During the forward pass, an input image x is
processed by the network to produce a prediction y’. The loss function L(y’, y) compares the prediction to the ground-truth
label y. During the backward pass, gradients of the loss with respect to the model parameters are computed via
backpropagation and used by the optimiser to update the network weights. This forward—backward cycle is repeated iteratively
until the training loss converges.

0.5.1. Loss Functions

During training, a neural network learns by minimising a loss function that quantifies the discrepancy be-
tween its predictions and the true labels [20]. For a dataset D = {(x(?), y(¥)} ¥, and model predictions
y® = f(x(*;0), the training objective is to minimise the average loss

Ls
L) =5 D_13".y). (8)
i=1

In this thesis, we exclusively use the cross-entropy loss, the standard choice for classification. Given
a predicted probability distribution y and a one-hot encoded target y, the per-sample loss is

K
(3,y) ==Y y;log ;. 9)
j=1

Cross-entropy encourages the model to assign high probability to the correct class and penalises con-
fident but incorrect predictions.

The gradient of this loss provides the learning signal used during backpropagation. Because all experi-
ments in this thesis (both RGB and RGB-D) are cast as multi-class image classification, cross-entropy
is the appropriate and sufficient objective throughout.

0.5.2. Backpropagation
After the loss has been computed, the network’s parameters must be updated in a direction that reduces
this loss. This requires computing the gradient of the loss with respect to every weight in the model.
Backpropagation provides an efficient way to do this by applying the chain rule through the layered
structure of the network [55].
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Given a network with a loss function £ and parameters W), backpropagation computes the gradient
oL
OW®

by propagating error signals from the output layer backwards. Each layer reuses intermediate quantities
such as activations and derivatives of the activation functions, avoiding redundant computation and
making gradient evaluation tractable even for large CNNs.

(10)

In modern deep learning frameworks, backpropagation is implemented automatically and executed
efficiently on GPUs. It is the mechanism that connects the loss function to the optimisation algorithm,
enabling the model to update its parameters and learn from data. All training procedures in this thesis,
both RGB and RGB-D, rely on this standard gradient-based update process.

0.5.3. Optimisation Algorithms
Training a neural network involves updating its parameters so as to minimise the loss,

0" = argm@inﬁ(@). (11)

Figure 11 illustrates this general idea. Parameters are iteratively adjusted in directions that reduce the
loss.
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Figure 11: Conceptual illustration of parameter updates during optimisation, reproduced from [22]. The horizontal axis
represents model parameters (weights), while the vertical axis denotes the loss (cost) function. The gradient indicates the
direction of steepest ascent, and optimisation proceeds by iteratively updating parameters in the opposite direction toward a
local minimum.

In this thesis, all experiments use the AdamW optimiser, a modern adaptive optimisation method that
has become standard in deep learning. AdamW [45] extends the Adam algorithm [35] by maintaining
moving averages of gradients and squared gradients,
my = frme—1 + (1 — 1) VoLy, (12)
vy = Bovi—1 + (1= B2) (VoLy)?, (13)
which are bias-corrected and used to compute an adaptive update:

my
’Ut+€

Oiy1 =0 —n —NAb:. (14)

Here, 6, denotes the model parameters at optimisation step ¢, and L; is the training loss evaluated on
the current mini-batch. The vectors m; and v, represent the exponentially decaying first- and second-
order moment estimates of the gradients, respectively. The scalars 5; and 3, control the decay rates
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of these moving averages, 7 is the learning rate, ¢ is a small constant added for numerical stability, and
A is the weight decay coefficient controlling the strength of ¢, regularisation applied to the parameters.

The important contribution of AdamW is the decoupled weight decay term \8;, which improves general-
isation by regularising the parameters independently from the gradient update. Due to its stability and
effectiveness across CNN architectures, AdamW is used for all RGB and RGB-D models evaluated in
this thesis.

0.5.4. Regularisation Techniques

Neural networks contain large numbers of learnable parameters, which makes them highly flexible but
also susceptible to overfitting, capturing noise or accidental regularities in the training data rather than
learning generalisable patterns. Conversely, if a model lacks sufficient capacity or is trained inade-
quately, it may underfit, failing to capture the underlying structure in the data. These phenomena are
illustrated in Figure 12.
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Figure 12: lllustration of underfitting, optimal fit, and overfitting, taken from [51]. The horizontal axis represents an input
variable, while the vertical axis represents the predicted output. Underfitting corresponds to overly simple models, overfitting to
overly complex models, and optimal fit balances bias and variance. Regularisation techniques help promote solutions that
generalise well to unseen data.

Regularisation refers to strategies that improve generalisation by discouraging the model from relying
too heavily on spurious correlations in the training set. In this thesis, the two forms of regularisation
used throughout are data augmentation and weight decay.

Data augmentation applies label-preserving transformations to training images, such as random crops,
flips, colour jitter, or geometric distortions, to expose the model to a wider range of appearance vari-
ations [57]. By effectively enlarging the dataset, augmentation reduces overfitting and encourages
CNNs to learn representations that are robust to natural variability. This is particularly important in our
experiments, where changes in background context or scene composition can create distribution shifts
between training and testing.

Weight decay is a simple but effective form of regularisation used in all experiments through the AdamW
optimiser. It penalises large parameter values by shrinking the weights toward zero at every update step.
This discourages overly complex solutions and helps the model focus on more stable, generalisable
patterns rather than memorising fine-grained noise.

Together, data augmentation and weight decay ensure that the RGB and RGB-D models in this thesis
learn features that generalise beyond the specific instances encountered during training.

0.5.5. Hyperparameter Optimisation
Neural networks rely on hyperparameters, such as the learning rate, batch size, number of epochs,
and weight decay, that shape the training process but are not learned from data. Selecting appropriate
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values can strongly influence convergence behaviour and final performance [20]. Techniques such as
manual tuning, grid search [3], random search [3], or Bayesian optimisation [60] are commonly used
to explore this configuration space.

In this thesis, extensive hyperparameter optimisation is deliberately not performed. Since our goal is
to compare RGB models with their RGB-D counterparts under controlled and comparable conditions,
it is essential that both versions of each architecture are trained with the same hyperparameters. This
isolates the effect of adding a pseudo-depth channel without introducing differences caused by tun-
ing. As such, only a standard and fixed training configuration is used throughout, and hyperparameter
optimisation lies outside the scope of this work.

0.5.6. Putting It All Together

Training a neural network begins with parameter initialisation, which provides a reasonable starting
point for optimisation. Modern frameworks use well-established initialisation schemes (such as Xavier
[19], or He initialisation [25]) to maintain stable activation and gradient magnitudes across layers, en-
abling reliable convergence.

The components described in the previous subsections, loss computation, backpropagation, optimi-
sation with AdamW, and regularisation through data augmentation and weight decay, together define
the full training loop. In each iteration, the network performs a forward pass to generate predictions,
the loss function evaluates their quality, gradients are computed through backpropagation, and the op-
timiser updates the parameters. This cycle is repeated over many mini-batches and across multiple
epochs until the model reaches a stable solution.

Although modern deep learning libraries (e.g., Py Torch) automate these steps, understanding how they
fit together is essential for designing controlled experiments. In this thesis, the same training loop and
hyperparameters are applied consistently to both RGB and RGB-D versions of each model so that any
performance differences can be attributed to the presence or absence of pseudo-depth information.

0.6. Datasets

The performance and generalisation ability of DNNs depend heavily on the quality and diversity of
the datasets on which they are trained and evaluated. In this section, we describe the datasets used
throughout this work, including both established benchmarks and custom variants derived from them.
The datasets serve complementary roles: standard datasets, such as MNIST, provide controlled en-
vironments for methodological validation, while more complex or domain-specific datasets, such as
NICO++, are employed to assess the models under realistic and context-rich conditions.

0.6.1. MNIST

The Modified National Institute of Standards and Technology (MNIST) [10] dataset is one of the most
widely used benchmarks in machine learning and computer vision. It was developed as a standard-
ised and simplified version of the original NIST dataset, providing a clean and accessible platform for
evaluating image classification algorithms.

MNIST consists of 70,000 grayscale images of handwritten digits from 0 to 9, each of size 28 x 28 pixels.
Of these, 60,000 images are designated for training and 10,000 for testing. Each image contains a
single centred digit written by a different individual, with variations in handwriting style, thickness, and
orientation. The pixel intensities are typically normalised to the range [0, 1] or [—1, 1] prior to training.
Examples of images from the dataset are shown in Figure 13, illustrating the diversity of handwriting
styles and digit shapes.
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Figure 13: Example images from the MNIST dataset, taken from [49]. Each image is a 28 x 28 grayscale representation of
a handwritten digit (0-9). The dataset includes a wide variety of handwriting styles, thicknesses, and orientations, making it a
valuable benchmark for evaluating image classification models.

This dataset has served as a fundamental benchmark for early developments in neural networks, in-
cluding CNNs, and remains a canonical example in the literature due to its simplicity and accessibility.
Despite its relatively low complexity, MNIST captures key challenges of pattern recognition, such as
intra-class variation and noise, making it a valuable testbed for validating new model architectures and
training methods.

Over time, MNIST’s role has evolved from being a competitive benchmark to serving as a baseline
or sanity check for modern deep learning techniques. Models achieving near-perfect accuracy on
MNIST are now expected, but its simplicity makes it an ideal starting point for prototyping and verifying
experimental setups before scaling to more complex datasets.

0.6.2. Coloured-Background MNIST

To introduce controlled forms of contextual variation into the MNIST setting, we created a custom variant
in which each handwritten digit is placed on a uniformly coloured background. This dataset preserves
the original MNIST digit shapes but overlays them onto one of several background colours, enabling
us to systematically study how models react to simple distribution shifts in visual context.

For the version used in our toy experiments, digits are rendered in white and placed on backgrounds
of red, green, blue, or black. The colour serves as a contextual attribute that is not directly tied to
the digit label but can nonetheless be exploited by a model as a shortcut if the training distribution is
biased. For example, if digits are seen only on red and green backgrounds during training, a model
may implicitly rely on these colours rather than fully learning the digit representation, which can lead to
sharp degradation when tested on the unseen blue background.

Figure 14 illustrates representative samples from this dataset, showing how the same digits appear
under different background colours.
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Figure 14: Example images from the custom coloured-background MNIST dataset. Each handwritten digit from MNIST is
overlaid onto a uniformly coloured background (red, green, blue, or black). The digit itself remains unchanged, while the
background provides a simple yet controlled contextual cue. This allows us to investigate how models respond to distribution
shifts in background colour and whether depth information can help mitigate such shortcut dependencies.

0.6.3. Coloured-Background + Coloured-Digit MNIST

To further increase the complexity of the controlled MNIST setting and constrain the emergence of
depth-only shortcuts, we introduce a second custom dataset in which both the digit and the background
are colourised. In this variant, each MNIST digit is recoloured either lime or orange, and placed on
one of four background colours: red, green, blue, or black. This yields eight distinct digit-background
combinations (lime/orange x red/green/blue/black), each containing the same underlying MNIST digits,
but with different colour attributes.

Unlike the simpler coloured-background dataset, here the class label depends not only on the digit
identity but also on the digit colour. For example, a lime ”5” and an orange ”5” correspond to different
classes. As a consequence, accurate classification requires the model to integrate information from
the RGB channels (to detect the digit colour) and the depth channel (which encodes the digit's shape).
Depth alone is insufficient because it contains no information about the digit's colour, while RGB alone
can be misleading due to the presence of multiple background colours. This construction explicitly
prevents solutions that rely solely on depth and provides a controlled setting for testing whether RGB-
D models use their modalities in a complementary manner.

Figure 15 presents examples from this dataset, highlighting how digit identity and digit colour vary jointly
across multiple background contexts.
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Figure 15: Example images from the Coloured-Background + Coloured-Digit MNIST dataset. Each handwritten digit is
recoloured in either lime or orange and placed against backgrounds of different colours (red, green, blue, or black). This variant
requires models to jointly infer both the digit identity and the digit's colour, preventing depth-only or background-only shortcut
solutions and enabling controlled evaluation of RGB-depth complementarity under varying contextual conditions.

0.6.4. The NICO++ Benchmark Dataset

A significant challenge in developing robust computer vision models is the assumption that training and
testing data are independently and identically distributed (I.1.D.). This assumption rarely holds true in
real-world applications, where models encounter novel environments, lighting conditions, and object
contexts not seen during training. This discrepancy, often termed a "distribution shift,” can lead to a
drastic drop in model performance. Models trained on biased datasets often learn to rely on spurious
correlations, features that are correlated with the label in the training data but are not causally related
to the object itself. For instance, a model might associate the presence of grass with the "cow” class,
and subsequently fail to recognise a cow in a desert or indoor environment.

To address the limitations of traditional benchmarks and facilitate research in out-of-distribution (OOD)
generalisation, specialised datasets have been developed. NICO++ (Non-l.I.D. Image Dataset with
Contexts++) is one such benchmark, introduced by Zhang et al. [71]. This dataset is designed to pro-
vide a large-scale, fine-grained, and realistic testbed for evaluating the robustness and generalisation
capabilities of models under non-1.1.D. conditions.

NICO++ is an extension of NICO [27], a dataset previously designed to address the same challenge,
training and testing Al models in a way that forces them to learn the true features of an object, rather
than just the context in which it appears. Both these datasets provide a controlled environment in which
to systematically measure why a model might fail when it encounters a new domain.

The defining feature of NICO++ is its explicit annotation of "contexts”. A context refers to the back-
ground, scene, or attribute that co-occurs with the main object. For example, an object from the class
dog can be found in contexts such as on grass, in snow, or on a sofa. Each image in the dataset is
labelled with both its primary object category and its associated context. Examples of images from the
dataset are shown in Figure 16, illustrating how each object category is represented under diverse
contextual conditions.
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Figure 16: Example images from the NICO++ dataset. Each object category (e.g., dog, horse, boat) appears in multiple
distinct contexts, such as “on beach”, "in city”, or "on snow”. This design allows for the study of contextual bias and robustness.
Figure taken from the original NICO paper [27].

The standard evaluation protocol for NICO++ involves splitting the data such that the contexts seen
during training are disjoint from the contexts seen during testing for a given object category. This forces
a model to learn the intrinsic features of the object itself, rather than relying on the shortcut features
provided by the context. Our paper follows the same evaluation protocol.

For the experiments conducted in this paper, a curated subset of the full NICO++ dataset was employed.
Since the primary goal of this research is to investigate the effect of pseudo-depth on the performance
gap between in-distribution and out-of-distribution data for CNN models, and not to achieve state-of-
the-art results on the full benchmark, a smaller, controlled environment is not only sufficient but also
preferable for a clear analysis.

0.7. Out-of-Distribution Generalisation

Machine learning models, including DNNs, are typically trained and evaluated under the assumption
that the training and test data are drawn from the same underlying distribution. In practice, however, this
assumption rarely holds. When the data encountered during testing differs from the data seen during
training, due to changes in context, environment, or the conditions in which the data was acquired, the
model’'s performance often degrades significantly. This challenge is known as the out-of-distribution
(OOD) generalisation problem [20, 53].

OOD generalisation refers to a model’s ability to maintain reliable performance when exposed to data
drawn from a different but related distribution than the training set. More formally, given a training
distribution Pyain(X,Y) and a test distribution Pest(X,Y'), @ model exhibits good OOD generalisation if
it performs well even when Pyain # Piest.

Models trained under the I.1.D. assumption often learn to take "shortcuts” by exploiting spurious corre-
lations in the training data. A spurious correlation is a statistical relationship between two variables that
appears to be causal but is not. An example of this is a model trained to classify parrots. If the training
dataset overwhelmingly contains images of parrots in the sky, the model may learn the simple rule that
"if there is a sky, it is a parrot”. This model might achieve very high accuracy on test data drawn from the
same distribution (more parrots in the sky), but its performance would worsen when it encounters an
OOD example, such as a parrot in a tree or in a cage indoors. The model hasn't truly learned to identify
a "parrot”. It has learned to identify a "parrot-in-the-sky” scene. This failure to generalise beyond the
training context is the core of the OOD problem.

There are several types of distribution shifts that can lead to OOD scenarios [36, 64]:

+ Covariate shift: The input distribution P(X) changes, while the conditional label distribution
P(Y | X) remains the same. An example of this is an image classifier trained on cats pho-
tographed indoors that will then perform poorly on outdoor cat images. This is the challenge that
this paper aims to tackle.

+ Label shift: The marginal distribution of labels P(Y') changes, but the conditional distribution
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P(X | Y) does not. This can occur, for example, in a dataset with an altered frequency of certain
classes compared to the training set.

+ Concept shift: The underlying relationship between inputs and labels changes, i.e., P(Y | X)
differs. This happens when re-labelling criteria change, or object categories are redefined across
domains.

In real-world visual recognition scenarios, covariate shift is pervasive and difficult to anticipate fully.
Differences in lighting, weather, camera viewpoint, background clutter, or sensor characteristics can
all induce substantial performance degradation [2]. CNN models exacerbate this vulnerability. Their
limited capacity encourages reliance on the easiest discriminative signal present, often contextual or
texture-based cues, rather than more robust shape- or geometry-based representations.

A wide range of strategies has been proposed to improve OOD robustness. Data augmentation and
domain randomisation attempt to expose the model to sufficiently diverse conditions such that it cannot
rely solely on superficial cues. Domain generalisation methods seek representations that are invariant
across multiple training domains [66]. Causal and invariant learning approaches directly target features
that are stable determinants of the label rather than those correlated with it [2]. While effective in certain
settings, these strategies can be computationally costly or heavily dependent on large and diverse
datasets.

Despite significant progress, achieving robust OOD generalisation remains an open research problem.
It is especially relevant for applications in safety-critical domains such as autonomous driving, health-
care, and environmental monitoring, where real-world variability cannot be fully captured by training
data.

A complementary line of work shows that incorporating additional modalities, especially depth, can
improve robustness by encouraging models to rely on geometric structure rather than appearance
alone. Depth varies predictably with scene geometry and object layout, and therefore provides cues that
are less sensitive to background or style shifts. However, most existing RGB-D approaches assume
access to ground-truth depth, which is rarely available in typical image classification tasks.

This gap motivates the central question of this thesis: can pseudo-depth, estimated from a single
RGB image, serve as a reliable auxiliary signal to improve OOD generalisation? If depth provides a
more stable cue than colour or texture, even an approximate estimate might help CNNs avoid shortcut
learning and generalise more robustly under covariate shift. This hypothesis is tested across both
controlled synthetic settings and real-world datasets (see section 0.6).

0.8. Shortcut Learning

Shortcut learning refers to the tendency of machine learning models to rely on superficial, easily ex-
ploitable patterns in the training data rather than learning the intended, semantically meaningful con-
cepts [17]. Because deep networks are optimisation-driven systems, they naturally gravitate toward the
simplest decision rule that minimises training loss. When such a rule correlates with the correct label
in the training set, the model may appear to perform well under I.1.D. evaluation while failing once this
correlation breaks. Shortcut learning is therefore one of the principal mechanisms underlying failures
in OOD generalisation, as discussed in the previous section.

A shortcut typically arises when a dataset contains spurious correlations, statistical regularities that are
predictive but not causally tied to the task. From the model’s perspective, detecting these correlations
is cheaper than learning the true concept. In the earlier "parrot-in-the-sky” example, the intended,
robust feature for identifying a parrot is its shape, plume patterns, and colours, and its avian anatomy.
However, distinguishing the blue sky is far simpler than learning the rich and variable morphology of
parrots. As a result, the model implicitly learns the rule “blue background — parrot,” which works for
many training images but fails when the context changes (e.g., a parrot indoors or in a forest). This
behaviour reveals that the model has not learned to recognise the object itself, but instead a contextual
co-occurrence pattern.

Shortcut learning manifests in multiple forms. One prominent example is texture bias, where CNNs
often rely on local texture cues instead of global shape structure. A network might identify an elephant
from its wrinkled grey texture, but misclassify a smooth elephant statue or a toy with the wrong texture.
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In this thesis, however, we focus primarily on background-based shortcuts, in which models entangle
the identity of an object with the context in which it typically appears. This has been documented in
several benchmarks, including ImageNet and NICO++, where objects such as cows, ships, or birds fre-
quently appear in stereotypical environments (grass, water, and sky, respectively), encouraging models
to learn contextual associations instead of object-specific features.

Background-based shortcuts are especially problematic for CNN architectures. These models often
rely disproportionately on the most predictive and lowest-variance cues available, typically colour or
background statistics, because these allow rapid training convergence. For example, a classifier might
learn to associate the "ship” class with water textures or the colour blue, or the "dog” class with grassy
environments. Such associations can be strong enough that the model incorrectly labels a beached
ship or a dog in an indoor setting. In extreme cases, shortcuts can stem from minute dataset artifacts,
such as watermarks or consistent sensor-specific noise, which become unintended but highly predictive
signals.

The toy setup used in this work provides a distilled illustration of shortcut learning. When MNIST digits
are composited onto coloured backgrounds, an RGB-only model quickly learns to use background
colour as a proxy for the target label because the digit identity remains constant while the background
varies predictably. The same issue appears in the real-world NICO++ dataset, where object categories
are statistically tied to environments (e.g., "cow” tending to appear on grass or "car” on roads), making
the background a dominant predictive feature unless counteracted.

Shortcut learning is thus a key reason why models that achieve high performance on standard bench-
marks can be brittle and unreliable when deployed in unconstrained environments. This observation
motivates approaches that encourage models to rely on more stable, causally meaningful cues. In this
thesis we explore one such cue: depth. Because depth captures geometric structure largely indepen-
dent of background appearance, incorporating even pseudo-depth estimates can discourage shortcut
reliance and promote better OOD generalisation in CNNs.

0.9. RGB-D
0.9.1. Value of Depth

Depth provides a fundamentally different type of visual information than RGB, capturing the geometric
layout of a scene rather than its appearance. While RGB encodes colour, texture, and illumination,
depth maps represent the distance from the camera to each point in the scene, making explicit the
spatial arrangement of surfaces and objects. This geometric modality gives models access to cues such
as object shape, relative scale, orientation, and occlusion, signals that are often difficult or impossible
to infer reliably from 2D appearance alone [21, 67].

This distinction is particularly valuable in scenarios where RGB information is heavily influenced by
contextual or stylistic factors. Colour and texture can vary significantly with lighting, weather, camera
sensors, or background changes, and CNNs are especially prone to exploiting these high-variance,
superficial cues as shortcuts. Depth, by contrast, changes in structured and predictable ways. The
geometry of an object is far less sensitive to background colour, clutter, or environmental noise. This
makes depth a more causally relevant signal for object identity, and therefore a potentially powerful tool
for improving robustness under distribution shift.

To illustrate this distinction, Figure 17 shows several examples from the NICO++ dataset alongside
their corresponding monocular depth estimates. Although the RGB images vary substantially in back-
ground, lighting, and overall context, the estimated depth maps reveal stable geometric structure: the
silhouette of the dog remains distinct regardless of the surrounding leaves, the cat retains its form under
dramatic sunset illumination, and the motorcycle’s geometry is preserved despite heavy visual clutter
and occlusion caused by the exhaust smoke. The same pattern holds for the horse and ship classes.
These examples highlight how depth emphasises object shape and spatial layout while suppressing
background variation, making it a particularly promising auxiliary modality for counteracting shortcut
learning and improving OOD robustness.

So, in the context of OOD generalisation, depth helps mitigate the core failure mode discussed earlier,
the entanglement of object identity with background context. A cow on grass and a cow on snow differ
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Figure 17: Examples from the NICO++ dataset (top row) and their corresponding monocular depth estimates
generated using a state-of-the-art depth estimator (bottom row). Despite substantial variation in background, lighting, and
environmental context across the RGB images, the predicted depth maps reveal consistent geometric structure for each object.
This illustrates how depth highlights object shape and spatial layout while suppressing contextual variation, making it a valuable

complementary modality for improving OOD robustness.

significantly in RGB space, but share a similar 3D shape. Likewise, a ship on water and a ship on land
may look very different in colour or texture, yet maintain consistent geometric structure. By providing
access to these shape-based cues, depth can encourage models to focus on object-centric features
that generalise better across environments.

This value is clearly visible in controlled settings such as the toy MNIST experiments in this thesis. When
digits are overlaid on coloured backgrounds, an RGB-only model often learns to rely on background
colour as a shortcut. However, the depth maps (binary masks reflecting the foreground digit’s silhouette)
do not change with the background. This forces the RGB-D model to incorporate digit shape, rather
than colour alone, leading to improved performance on unseen background colours.

In real-world datasets such as NICO++, the benefit of depth is more subtle but even more impactful.
Here, distribution shifts arise from changes in background, weather, and context rather than from artifi-
cially controlled RGB cues. True depth is unavailable for NICO++ images, but depth estimation offers
an appealing alternative. Even pseudo-depth tends to capture robust geometric structure, emphasis-
ing shape and object boundaries in a way that can complement or correct the biases of RGB features.
Thus, integrating depth, whether ground-truth or estimated, provides a pathway toward learning more
invariant, object-centric representations.

This thesis builds upon these insights by investigating whether pseudo-depth, produced by a monocular
depth estimator, can meaningfully improve OOD robustness in CNNs. If geometric cues derived from
estimated depth are sufficiently stable, they may help models reduce reliance on spurious RGB corre-
lations and thereby narrow the seen—unseen generalisation gap. An important distinction is, however,
that predicted depth is not treated as a replacement for RGB information nor as a precise geometric
measurement, but as a structured auxiliary signal that may bias learned representations away from
appearance-driven shortcuts and toward more stable spatial cues.

0.9.2. Complementarity of RGB and Depth

The combination of RGB and depth, commonly denoted as RGB-D, provides a substantially richer
representation of visual scenes than either modality alone. RGB encodes appearance-based cues,
colour, texture, shading, and illumination, while depth captures the underlying geometry of the scene,
describing how far objects are from the camera and how surfaces are arranged in space. These two
sources of information emphasise fundamentally different aspects of the visual world: RGB excels at
describing how things look, while depth describes where things are. This makes the modalities highly
complementary, a relationship that is particularly relevant to the problem of shortcut learning discussed
earlier (see section 0.8). Because geometric cues change more predictably than RGB appearance
under distribution shift, depth offers a more stable signal for mitigating shortcut reliance and improving
OOD generalisation.

Depth proves especially useful in settings where RGB cues are ambiguous or unreliable. Variations
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in lighting, shadows, low contrast, or textureless regions can degrade appearance-based reasoning,
yet they do not alter the physical 3D structure of the scene. Conversely, RGB often compensates for
challenges faced by depth sensing, such as failures on reflective or transparent surfaces or loss of detail
atlong range. In practice, this complementarity allows RGB-D models to achieve superior performance
across tasks such as object recognition, semantic segmentation, and scene understanding [5, 14, 61].
Depth discontinuities typically align with object boundaries, reinforcing shape-based cues that improve
localisation and segmentation.

While the benefits of RGB-D fusion are well established, acquiring depth data through physical sensors
introduces significant practical challenges. Structured-light or time-of-flight cameras are sensitive to
environmental conditions such as illumination, material reflectivity, and operating distance, which can
lead to noisy or incomplete depth maps. Sensor depth and RGB are often not perfectly aligned spatially
or temporally, leading to fusion artefacts. Moreover, publicly available RGB-D datasets tend to be
relatively small and narrow in domain compared to large-scale RGB datasets, limiting their diversity
and the robustness of models trained on them.

These limitations have motivated a surge of interest in monocular depth estimation, where depth maps
are predicted directly from RGB images [13, 54]. This approach bypasses the need for depth sensors
and dramatically expands the applicability of geometric reasoning to datasets that contain only RGB
imagery. For this thesis, this development is crucial. The NICO++ dataset contains no ground-truth
depth, yet its OOD structure, objects appearing in systematically different contexts, makes it an excel-
lent testbed for evaluating whether geometric cues can reduce shortcut learning. By supplementing
RGB inputs with pseudo-depth estimated from a single image, we can construct an RGB-D representa-
tion without additional sensors and investigate whether even imperfect geometric information can guide
CNNs toward more object-centric, context-invariant features.

0.9.3. Depth Estimation from RGB

Acquiring depth information typically requires specialised sensors such as structured-light or time-of-
flight cameras. While these devices can provide accurate geometric measurements, they are expen-
sive, power-intensive, and sensitive to environmental factors, including lighting conditions, material
reflectivity, and measurement range. Furthermore, such sensors are not widely available to everyday
users, in contrast to standard digital cameras. As a result, depth data are rarely available for large-scale
or in-the-wild datasets. These limitations have driven significant interest in monocular depth estimation,
the task of predicting dense, pixel-wise depth maps directly from a single RGB image.

Monocular depth estimation is inherently ill-posed. Multiple distinct 3D scenes can correspond to the
same 2D projection. To overcome this ambiguity, learning-based approaches extract statistical regu-
larities about geometry, such as edge discontinuities, shading patterns, texture gradients, and object
shapes, from large image collections. Before the advent of deep learning, monocular depth estimation
relied heavily on handcrafted cues derived from classical computer vision and human perception. Tradi-
tional approaches used shape-from-shading, shape-from-texture, defocus cues, and geometric priors
to infer depth from a single image. These methods were grounded in assumptions such as Lambertian
reflectance, uniform illumination, or known surface properties, which rarely held in complex real-world
scenes. As a result, early monocular depth methods were brittle and often limited to controlled envi-
ronments. They revealed the fundamental difficulty of the problem but also established the perceptual
cues, shadows, contours, gradients, that later informed learning-based approaches.

Early deep learning approaches demonstrated that CNNs can learn hierarchical geometric features
entirely from RGB input. Eigen et al. [13] pioneered this direction using a multi-scale architecture that
jointly predicted coarse global layout and fine local detail and demonstrated that CNNs could learn depth
cues directly from large annotated datasets such as NYU Depth and KITTI, without relying on hand-
engineered constraints. This shift marked the beginning of fully data-driven depth prediction, where
the network implicitly learned both local texture-depth relationships and global scene geometry. Sub-
sequent methods improved accuracy by addressing key challenges such as scale inconsistency, bound-
ary sharpness, and surface smoothness through encoder—decoder designs, residual connections, and
geometry-aware losses incorporating surface normal regularisation [15, 39, 42]. These works showed
that even without ground-truth 3D data, strong geometric priors can be inferred by learning from diverse
annotated scenes.
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Figure 18: Overview of the distillation strategy used in Distill-Any-Depth [26]. The framework employs a multi-teacher
setup and transfers knowledge to a single student model using two complementary mechanisms: (1) Shared-Context
Distillation, where teacher and student receive identically cropped regions to enforce consistent predictions under aligned
context, and (2) Local-Global Distillation, where the teacher predicts depth for randomly cropped local patches while the
student processes the full image, encouraging the student to reconcile fine-grained local structure with broader global scene
layout. Together, these pathways allow the student to capture both local geometric detail and coherent global depth structure,
resulting in highly generalisable pseudo-depth estimates for in-the-wild imagery. The teacher models provide supervisory depth
predictions, while the student network learns to approximate these predictions under varying spatial context, enabling robust
pseudo-depth estimation without ground-truth depth.

A parallel line of work began to explore unsupervised and self-supervised monocular depth estimation
due to the scarcity of large labelled depth datasets. Techniques such as view synthesis, stereo supervi-
sion, and photometric reconstruction losses enabled models to learn depth without ground-truth labels,
greatly expanding the scale and diversity of training data. This shift was historically important because
it moved depth estimation toward broader generalisation across natural images and unconstrained
environments.

The most recent generation of monocular depth models leverages large-scale pretraining and transformer-
based backbones to capture long-range spatial dependencies that CNNs struggle to model. The Dense
Prediction Transformer [54] demonstrated that transformers pretrained on massive vision datasets (e.g.,
ImageNet, JFT-300M) produce robust depth estimates by integrating contextual information across the
entire image. Building upon this, modern frameworks such as Distill-Any-Depth [26] achieve state-of-
the-art performance through a multi-teacher distillation approach. Instead of relying on a single super-
visory signal, the method leverages a diverse ensemble of specialised depth "expert” models, each
trained on different datasets, sensing modalities, or scales, to generate heterogeneous depth predic-
tions for the same RGB image. These predictions are then unified through a cross-context distillation
strategy, in which a student model learns simultaneously from global (whole-image) depth predictions
and local (patch-based) depth cues. This combination enables the student network to capture both fine-
grained object geometry and coherent large-scale scene structure. Because the training supervision
comes entirely from teacher models rather than explicit ground-truth depth, the resulting estimator gen-
eralises effectively across domains and demonstrates robustness to variations in lighting, style, context,
and image composition. The overall distillation workflow of Distill-Any-Depth is illustrated in Figure 18,
which shows how the model unifies teacher predictions using both shared-context and local-global train-
ing signals. Furthermore, the diversity and quality of the pseudo-depth produced by Distill-Any-Depth
are illustrated in Figure 19, which shows consistent depth predictions across a wide range of indoor,
outdoor, synthetic, and stylistically varied images.

The emergence of these large, general-purpose monocular depth estimators is particularly significant
for research on robustness and OOD generalisation. Early depth predictors were too domain-specific to
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be useful in OOD contexts. Depth is largely invariant to superficial appearance changes, such as colour
shifts, background variation, weather, or texture differences, that often cause RGB models to latch onto
spurious correlations. In contrast, geometric structure changes far more slowly under distribution shift.
This property makes pseudo-depth a compelling auxiliary signal for mitigating shortcut learning. Even
though monocular depth estimates are not perfectly accurate, they preserve coarse object silhouette,
relative scale, and spatial arrangement, exactly the types of cues that CNNs tend to ignore when relying
solely on RGB appearance.

This is especially relevant for this thesis. The NICO++ dataset contains only RGB images but is ex-
plicitly designed to benchmark OOD generalisation, with object classes appearing across multiple, vi-
sually diverse contexts. Incorporating pseudo-depth allows us to construct RGB-D representations for
NICO++ without requiring specialised hardware or dataset redesign. If the estimated depth maps cap-
ture object-centric geometry that remains stable across contexts, they may encourage the model to
prioritise shape-based features over spurious RGB cues. Thus, monocular depth estimation not only
mitigates the practical limitations of acquiring real depth data but also provides a principled and scalable
way to introduce geometric signals into standard 2D datasets.

0.9.4. RGB-D Architectures and Fusion Strategies

Integrating depth information with RGB data has been a long-standing focus in computer vision, moti-
vating the development of a wide range of neural architectures designed to exploit the complementary
strengths of appearance and geometry. Because depth provides structural cues that are largely invari-
ant to texture, lighting, or colour, while RGB encodes fine-grained appearance patterns that depth can-
not capture, an important question in RGB-D learning concerns how these modalities should be fused
within a model. Over the past decade, this question has led to several families of fusion strategies,
each reflecting different assumptions about the nature of cross-modal interactions and different trade-
offs between computational complexity, expressiveness, and noise robustness. The three canonical
fusion paradigms, early fusion, late fusion, and intermediate or hybrid fusion, are illustrated in Figure 20,
which provides a conceptual overview of how RGB and depth signals can be combined within a neural
network.

Early approaches to RGB-D modelling typically adopted what is now known as early fusion. In this
paradigm, the depth map is appended directly to the RGB channels to form a four-channel input, al-
lowing a network to learn joint low-level features from the raw modalities [21]. The advantage of this
approach lies in its simplicity. Depth is integrated at the very first layer of the network, enabling the
model to discover correlations between texture and geometry automatically. Early fusion is computa-
tionally lightweight and requires minimal architectural modification, making it compatible with efficient
CNN backbones. However, because all channels are processed together from the outset, early fu-
sion can make the model sensitive to modality-specific noise. Structured-light and time-of-flight depth
maps, for example, often contain artefacts or missing pixels, and estimated depth maps may introduce
systematic errors that differ from those in RGB imagery. When modalities differ substantially in scale
or noise statistics, early fusion risks allowing the richer or noisier modality to dominate the learned
representation.

To address these limitations, later works explored /ate fusion, in which RGB and depth are processed in
two independent streams before their feature hierarchies are merged at a higher level. Representative
models such as FuseNet and others [4, 14, 21, 23] employ parallel CNN encoders, one dedicated to ap-
pearance and the other to depth, and combine their outputs via concatenation, element-wise addition,
or learned gating. This architectural separation allows each stream to specialise in its modality. The
RGB branch focuses on texture, colour, and shading, while the depth branch distils geometric structure,
surface orientation, and discontinuities. Late fusion typically results in more interpretable representa-
tions and improved robustness to noise in either modality. The trade-off is increased computational
cost, as dual-stream networks often require substantially more parameters and memory, making them
less suitable for applications where efficiency is a priority.

As the field matured, researchers began to recognise that neither purely early nor purely late fusion
could fully exploit the rich interplay between modalities. This motivated the development of intermediate
or hybrid fusion strategies, in which RGB and depth features interact at multiple stages throughout the
network. Cross-modal attention mechanisms [73], feature gating models, and multi-level skip connec-
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tions [33] enabled deeper and more dynamic integration between appearance and geometry. These
approaches proved especially effective for dense prediction tasks such as segmentation and saliency
detection, where integrating geometric cues at different spatial scales can significantly enhance bound-
ary localisation and region consistency. Hybrid fusion architectures reflect an understanding that RGB
and depth can guide each other. Depth can refine structural information at early layers, while RGB can
inform semantics at later layers [30].

More recent paradigms have pushed RGB-D fusion beyond static concatenation or additive combina-
tions toward adaptive, context-aware mechanisms. Attention-based fusion models [65, 72] learn to
modulate the contribution of each modality depending on spatial or semantic relevance. For example,
the network may place greater emphasis on depth in cluttered regions or when RGB cues are degraded,
and rely more heavily on RGB in texture-rich or high-detail areas. Other works introduce geometry-
aware operators that use depth to reshape the network’s internal computations [43, 47]. These models
incorporate depth into convolutional receptive fields or normalisation schemes, allowing the network to
become more sensitive to 3D structure. Transformer-based RGB-D architectures extend this idea even
further by embedding modality-specific features into a unified token space, enabling long-range cross-
modal interaction via self-attention [68, 69]. Such models demonstrate state-of-the-art performance in
tasks requiring global coherence and detailed spatial reasoning.

Taken together, the history of RGB-D fusion shows a steady progression toward architectures that treat
appearance and geometry not as independent signals, but as mutually informative modalities whose
relationship varies across spatial scale, image content, and task demands. This evolution is relevant
for this thesis because we adopt deliberately simpler fusion strategies in order to isolate the contribu-
tion of depth itself. In the toy experiments, we employ a late fusion design to keep the RGB and depth
processing streams interpretable and to clearly observe the effect of adding shape-based cues. In
the real-world NICO++ experiments, we use early fusion with pseudo-depth to minimise computational
overhead, reduce architectural confounds, and evaluate whether even basic geometric information, es-
timated from a monocular depth model, can mitigate shortcut learning and improve robustness under
distribution shift. While modern RGB-D systems increasingly rely on sophisticated cross-modal interac-
tions, the simplified fusion strategies used in this thesis serve a different but complementary purpose,
they highlight the intrinsic value of depth as a stabilising geometric signal, independent of architectural
complexity.
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Figure 19: Example RGB images and corresponding pseudo-depth maps generated by Distill-Any-Depth [26]. The
model produces coherent depth structure across a broad spectrum of content, including indoor environments, outdoor natural
scenes, urban settings, stylised or cartoon-like images, and cases with strong viewpoint and illumination changes. Despite the

variability in appearance, the predicted depth maps preserve object boundaries, relative distances, and overall scene layout,
illustrating the robustness and versatility of modern monocular depth estimators.
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Figure 20: lllustration of common RGB-D fusion strategies, from [16]. (a) Early fusion: the depth map is concatenated
with the RGB channels at the input, allowing a single CNN to learn joint low-level features. (b) Late fusion: RGB and depth
streams are processed independently and merged only at higher layers, enabling modality-specific feature extraction before
joint prediction. (c) Intermediate or hybrid fusion: features from the RGB and depth branches interact at multiple stages, often
through shared weights, cross-modal connections, or attention-based mechanisms. These architectural patterns represent the
major design choices in RGB-D perception and form the basis for many modern multi-modal models.
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Abstract

Convolutional neural networks (CNNs) trained on RGB
images (red, green, blue channels) often exhibit sharp per-
formance degradation under distribution shifts, as they tend
to rely on superficial appearance cues such as background
or texture. While depth information is known to provide
complementary geometric signals that can improve robust-
ness, most existing approaches assume access to ground-
truth depth or rely on complex RGB-D architectures, limit-
ing their applicability in practice.

In this work, we investigate whether estimated depth, ob-
tained from a monocular RGB image, can serve as a simple
and effective auxiliary signal to improve out-of-distribution
(OOD) generalisation in standard CNN classifiers. Using
both controlled toy experiments and real-world evaluations
on the NICO++ benchmark, we compare RGB-only mod-
els against RGB-D variants that incorporate a single pre-
dicted depth channel via minimal fusion. Our results show
that pseudo-depth consistently reduces OOD performance
gaps across multiple CNN backbones, without degrading
in-distribution accuracy. We further demonstrate that these
gains persist under moderate corruption of the depth sig-
nal and disappear when geometric structure is entirely re-
moved, indicating that the improvements stem from mean-
ingful geometric information rather than the mere presence
of an additional input channel. Furthermore, we analyse
these effects through class-resolved confusion matrices and
qualitative input-level examples, showing that depth specif-
ically attenuates structured semantic confusions under do-
main shift.

Taken together, our findings suggest that even imperfect,
predicted depth can act as a lightweight geometric induc-
tive bias, helping CNN classifiers move away from brittle
appearance-based shortcuts and toward more robust repre-
sentations under domain shift.

1. Introduction

In real-world visual recognition tasks, especially safety-
critical ones, models must perform reliably not only on
training-like data but also when exposed to unseen environ-
ments. Yet, convolutional neural networks (CNNs), includ-
ing modern compact architectures commonly used in prac-
tice, often exhibit sharp drops in performance when evalu-
ated on data drawn from different domains or distributions.
This lack of robustness to out-of-distribution (OOD) shifts,
arising from factors such as background bias, illumination,
or viewpoint, remains a central challenge for domain gener-
alisation in computer vision [16, 30]. While large-scale ar-
chitectures, such as the newly conceptualised transformers,
and training regimes can mitigate this issue through scale
and diversity, standard CNN models trained under limited
data or supervision are still prone to relying on shortcut cor-
relations rather than causal cues [14]. Such models remain
widely used due to their simplicity, efficiency, and ease of
deployment across a range of application settings.

A promising line of work has shown that depth infor-
mation can provide a complementary geometric signal to
RGB cues (red, green, blue channels), improving model
robustness and invariance to superficial domain features
[9, 15, 23, 33]. However, such methods typically rely on
ground-truth depth, available only for specific modalities
(e.g., RGB-D sensors) or limited benchmarks like NYU
Depth V2 [28] or KITTI [12]. In the vast majority of real-
world applications, images are taken by regular, consumer-
grade cameras that lack such specialised sensors, so more
often than not, no ground-truth depth exists. An open ques-
tion, therefore, is whether monocularly estimated depth,
when used as a minimal auxiliary signal, can meaningfully
improve out-of-distribution generalisation under contextual
domain shifts in standard RGB classification pipelines.

This work investigates that question using standard CNN
classification architectures trained under controlled condi-
tions. Specifically, we ask:

¢ RQ1: What is the baseline in-distribution vs. OOD per-
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Figure 1. Comparison between the RGB and RGB-D training pipelines used in this work. The upper pipeline shows a CNN trained
on RGB images (3 channels) of ”dogs on grass”, which fails to generalise when evaluated on out-of-distribution (OOD) images (”dogs
in water”). The lower pipeline shows the RGB-D variant of the same CNN (4 channels), which receives both RGB and estimated depth

inputs, yielding improved OOD performance.

formance gap for CNN classifiers trained solely on RGB
data?

¢ RQ2: Can augmenting RGB images with a single esti-
mated depth channel narrow this gap?

¢ RQ3: How does the quality of the depth estimate influ-
ence this potential improvement?

An overview of the proposed RGB-D OOD generalisa-
tion pipeline is illustrated in Figure 1.

We explore these questions through a series of controlled
experiments on a modified version of the NICO++ dataset
[36], a benchmark designed to test OOD robustness under
domain shifts, as well as synthetic variants of the MNIST
dataset [6] incorporating background and colour biases.
Our approach compares several commonly used CNN back-
bones (ResNet-18, EfficientNet-BO, MobileNetV2, Shuf-
fleNet V2) in their RGB and RGB-D configurations, us-
ing early fusion (depth concatenated at the input) to isolate
the effect of geometric information while keeping architec-
tural changes minimal. Depth maps are generated offline
using state-of-the-art pretrained monocular estimators, and
their impact is analysed both quantitatively, via OOD accu-
racy gaps and depth corruption ablations, and qualitatively,
through class-resolved confusion patterns and representa-
tive input-level examples.

In summary, this work makes the following contribu-
tions:

1. Benchmarking OOD robustness of CNN classifiers un-
der RGB-only training, quantifying baseline generalisa-
tion gaps across multiple architectures.

2. Introducing pseudo-depth augmentation as a simple,
plug-and-play extension to RGB pipelines, requiring no
architectural modification beyond input concatenation.

3. Empirically analysing the role of depth quality in OOD
performance through controlled depth corruption, class-
resolved confusion analysis, and qualitative input-level
examples, showing that estimated depth can partially
bridge the generalisation gap even without ground-truth
supervision.

Together, these results aim to offer insight into how
pseudo-depth can be leveraged to improve OOD general-
isation efficiently, highlighting the role of geometric cues
as a lightweight inductive bias (in the sense that it intro-
duces geometric structure without increasing model capac-
ity), that can complement appearance-based learning be-
yond controlled environments.

The remainder of this paper is organised as follows. Sec-
tion 2 reviews related work on RGB-D fusion, domain gen-



eralisation, and efficiency-aware architectures. Section 3
describes the experimental methodology, including the con-
trolled toy setup, the real-world NICO++ setting, and the
generation and corruption of pseudo-depth signals. Section
4 presents experimental results addressing each research
question, analysing both aggregate performance and depth-
quality ablations. Section 5 discusses the implications, lim-
itations, and broader significance of the findings, and sec-
tion 6 concludes the paper. Additional analyses, including
class-resolved confusion matrices and qualitative examples,
and more in-depth results, are provided in the Appendix.

2. Related Work

In this section, we review three streams of literature most
relevant to our research questions: RGB + depth fusion, do-
main generalisation and OOD robustness, and efficiency-
aware architectures and fusion strategies, highlighting their
strengths and limitations, and positioning our approach ac-
cordingly.

2.1. RGB-D fusion methods for recognition and seg-
mentation

Methods that integrate RGB and depth data aim to exploit
complementary geometric cues to improve recognition, seg-
mentation, or detection performance, particularly in chal-
lenging visual conditions such as illumination changes,
background clutter, or occlusion. Depth provides invariant
structural information that complements appearance-based
RGB features, helping models capture object shape, spatial
layout, and relative distance.

A widely adopted design is the two-stream architecture,
where RGB and depth images are processed by parallel en-
coder networks and fused at one or more stages, commonly
through concatenation, summation, or attention-based fea-
ture aggregation [3, 8, 24, 25]. Early fusion combines the
modalities at the input level, encouraging low-level feature
alignment, while late fusion merges high-level representa-
tions, allowing the network to learn modality-specific se-
mantics before jointly reasoning about them [10, 38].

More recent approaches introduce adaptive fusion mech-
anisms that learn how much to rely on each modality de-
pending on scene context or signal quality. Cross-modal
attention modules guide feature interaction between RGB
and depth branches by selectively emphasising informative
channels or spatial regions [2, 4, 19, 20, 29, 37]. Gating
strategies achieve a similar goal by dynamically weighting
modalities based on their reliability, mitigating the effect of
noisy or missing depth data [5]. Transformer-based mod-
els further extend these ideas by employing self- and cross-
attention layers to jointly encode RGB and depth tokens,
enabling long-range context fusion [21, 34, 35].

Some works go further and adapt convolution opera-
tors to account for depth input by altering sampling off-

sets or receptive fields conditioned on depth. For example,
Depth-Adapted CNN (Z-ACN) modifies 2D convolutions to
sample from geometry-aware offsets computed from depth
maps, effectively deforming receptive fields in response to
local 3D structure. Experimental results show that this leads
to improved segmentation performance in varying depth
contexts [32]. More generally, Depth-Adapted CNNs for
RGB-D Semantic Segmentation extend this idea by intro-
ducing depth-guided offsets and pooling operations to more
tightly integrate geometry into feature extraction [33].

These methods assume available depth supervision (i.e.
ground-truth depth maps) and often target dense prediction
tasks such as segmentation or object detection. In contrast,
our work focuses on (single-)image classification, and crit-
ically, uses estimated (pseudo-)depth. We also restrict our-
selves to a plug-in early fusion rather than revising convolu-
tion operators, to preserve model simplicity and parameter
efficiency.

2.2. Domain generalisation, OOD robustness, and
multimodal cues

A growing field of research studies the domain shift/OOD
robustness problem, especially in recognition tasks. Many
methods rely on learning domain-invariant features, do-
main alignment, or adversarial training (e.g., invariant
risk minimisation [1], domain adversarial networks [11]).
Augmentation-based and regularisation techniques, in-
cluding style randomisation, frequency perturbations, or
texture-shape debiasing, have also been explored to reduce
reliance on superficial cues [13, 18]. However, such meth-
ods often operate purely on RGB data and remain limited
by the shortcomings of monocular appearance.

More recently, shortcut learning has been framed not
only as a consequence of training objectives or insuffi-
cient regularisation, but also as a manifestation of induc-
tive biases introduced by the input representation itself [14].
When models are trained solely on RGB data, the repre-
sentation strongly emphasises texture, colour, and local ap-
pearance statistics, which can encourage reliance on spu-
rious correlations that fail to transfer across domains [13].
From this perspective, improving robustness does not nec-
essarily require more complex training schemes, but can
also be achieved by altering the structure of the input signal
to favour more transferable cues. Geometric information,
such as depth, introduces shape- and layout-oriented struc-
ture at the representation level, potentially biasing models
away from brittle appearance-based shortcuts.

In the multimodal and cross-domain context, RGB-
D domain generalisation/domain adaptation methods have
started to appear, notably for segmentation. For exam-
ple, Depth-Sensitive Soft Suppression (DSSS) uses stylised
depth augmentation and class-wise suppression to force the
model to rely on less “sensitive” depth regions for domain-



invariant representation, applied to RGB-D semantic seg-
mentation tasks [31]. Also, some works in RGB-D do-
main adaptation explore cross-modality feature alignment
or stylisation to mitigate domain shifts in depth and colour
modalities [26].

These works show that depth maps can help in learn-
ing invariant shape-driven features less susceptible to su-
perficial shifts. But they deal with segmentation or dense
tasks, and often assume access to ground-truth depth. They
also typically deploy heavier architectures. Our work is thus
more constrained. We do not redesign network layers or re-
quire segmentation supervision or heavy architectures, but
our hypothesis is that even minimal estimated geometric in-
jection might improve robustness under shift.

A related line of work in robustness research empha-
sises the use of input-level ablations and negative controls to
disentangle genuine information gain from incidental regu-
larisation effects. For example, replacing informative sig-
nals with random or corrupted inputs can reveal whether
observed improvements stem from meaningful structure or
merely from increased input dimensionality. Such diagnos-
tic interventions are particularly relevant in multimodal set-
tings, where performance gains may otherwise be attributed
to architectural changes or auxiliary channels rather than to
the semantic content of the modality itself [18, 27].

2.3. Efficiency-aware architectures, fusion, and
trade-offs

Compact CNN architectures are widely used in practice due
to their favourable trade-offs between accuracy, computa-
tional cost, and ease of deployment. While such models
are often trained under limited data or supervision, their
behaviour under domain shift reflects broader challenges
of shortcut learning in appearance-based recognition rather
than properties specific to model size alone. There is com-
paratively less literature on how to fuse multimodal inputs
(RGB + depth) in a manner that preserves efficiency while
isolating the contribution of geometric cues.

While single-modality CNNs are well studied, there is
relatively limited literature on how to fuse multimodal in-
puts such as RGB and depth efficiently. A central chal-
lenge lies in balancing computational cost with represen-
tational complementarity: many RGB-D networks rely on
dual-stream encoders and attention-based fusion modules,
substantially increasing model complexity and making it
difficult to disentangle geometric benefits from architectural
scaling.

Recent works have started exploring efficient RGB-
D fusion under constrained settings. For instance, the
Speed—Accuracy Tradeoff Network (SATNet) proposes a
lightweight RGB-D saliency detection model that adjusts
the degree of depth utilisation according to available com-
putation, striking a balance between modality complemen-

tarity and inference cost [7]. Another work in camouflaged
object detection builds a lightweight hybrid attention RGB-
D network using MobileNetV2 backbone and boundary-
aware modules to remain computationally efficient [22].
These methods show that RGB-D fusion can be achieved
under efficiency constraints, but they primarily target pixel-
wise tasks and often rely on task-specific attention mecha-
nisms or multiple fusion stages, which are less suitable for
studying robustness in classification. In contrast, our work
adopts a deliberately minimal fusion strategy, concatenat-
ing estimated depth at the input, to study whether geomet-
ric cues alone can improve robustness under domain shift,
without confounding effects from architectural redesign or
increased model capacity.

3. Method

Our goal is to assess whether the inclusion of pseudo-depth
cues can enhance classification performance in OOD set-
tings. To this end, we designed two complementary exper-
imental pipelines: a controlled toy setup and a real-world
setup. The toy setup isolates the contribution of depth in a
minimal environment, while the real-world setup evaluates
the same idea under realistic conditions.

In both cases, we train standard CNN classifiers under
controlled architectural settings, comparing a baseline RGB
model against a model that also consumes (pseudo-)depth
information. The RGB variant processes only the colour
image x € R3*F*XW whereas the RGB-D variant addi-
tionally takes a depth map d € R1XH*W,

3.1. Toy setup: controlled RGB vs. RGB-D

The toy setup is designed as a controlled proof-of-concept
to isolate the effect of depth cues on generalisation under
a simple and fully interpretable setting. By using synthetic
data with explicitly manipulated background contexts and
depth signals, this setup allows us to examine whether depth
improves robustness independently of architectural com-
plexity, pre-training, or real-world confounds. The follow-
ing subsections describe the model architectures and the ex-
perimental design used in this controlled scenario.

3.1.1. Model architecture

For the controlled experiment, we created a simple CNN
trained from scratch to avoid any bias from pre-training. It
consists of two convolutional blocks followed by fully con-
nected layers producing class logits o € R®.

To study the contribution of depth, we designed a corre-
sponding RGB-D version of it. This model has two parallel
branches: one processing the RGB image z, the other pro-
cessing its depth map d. Each branch replicates the simple
CNN’s structure and outputs a feature vector. The final fully
connected layer that maps the concatenated feature vector to
class logits is referred to as the classifier head. The two fea-



ture vectors coming from each branch are concatenated and
passed through this classifier head (late fusion):

Zrgh = fg(fL‘), Zq = g¢>(d)7 0= hw([zrgb; Zd])7 (1)
where fg, g4 denote the two CNN encoders and h,, the
classifier head.
The training objective is the standard cross-entropy loss

over the predicted logits:

Ecls = - log %7 (2)
=1 €xp(0c)

where y is the ground-truth class index and o, the c-th
logit.

Late fusion was selected in this phase to keep the archi-
tecture interpretable and to clearly separate the effect of the
RGB and depth streams.

3.1.2. Experimental design and depth representation

To obtain a fully controlled environment, we created a cus-
tom variant of the MNIST dataset where each digit is white,
and the background is uniformly colored.

The background colour acts as a ”context” variable that
is irrelevant to the digit identity but provides a controlled
source of distribution shift. We designed two complemen-
tary conditions:

* Within-context (control) setup: the model is trained and
tested on digits with a black background.

* Cross-context setup: the model is trained only on digits
with red and green backgrounds, and tested on digits with
red, green, and blue backgrounds.

This structure allows us to measure how well the net-
work generalises to unseen background colours (here, blue),
which can act as a proxy for domain shift. All class distri-
butions and background colours are balanced during train-
ing to ensure that accuracy differences reflect generalisation
rather than imbalance.

Since real depth annotations are unavailable, we gener-
ated synthetic depth maps in a deterministic way. We assign
a low depth value to the background and a high value to the
digit, effectively creating a binary “near-far” map:

o 1, if (i, 7) belongs to the digit,
d(i, j) = { ©)

0, otherwise.

Both RGB and RGB-D models are trained under iden-
tical optimisation settings and data balancing to isolate the
impact of adding depth.

3.2. Real-world setup: early-fusion architectures

After confirming improvements in the toy scenario, we ap-
plied the approach (RGB vs. RGB-D experiments) to a
real-world setting using the NICO++ dataset, which con-
tains natural images of objects under varied contexts. To
minimise architectural complexity and isolate the effect of
geometric cues, we adopted an early-fusion strategy instead.
The depth channel is concatenated with the RGB channels
at the input, forming a 4-channel tensor & = [z;d]. This
tensor is directly fed to a single backbone network, without
duplicating weights as in late fusion:

& e RV, )

o= fo(),

This approach preserves a simple architectural design
while allowing the network to learn cross-modal interac-
tions from the first convolutional layer. We evaluated four
commonly used CNN classification backbones in this con-
figuration: ResNet-18, EfficientNet-BO, MobileNetV2, and
ShuffleNet V2. We focus on the smallest standard variants of
each backbone to limit model capacity and isolate the effect
of depth as an auxiliary signal. Larger models may partially
compensate for missing or noisy depth through increased
representational power, obscuring modality-specific contri-
butions. Using lightweight and widely adopted variants en-
ables a more controlled and interpretable comparison across
architectures. All networks were trained from scratch to en-
sure comparable initialisation and training conditions.

3.3. Pseudo-depth generation for real images

For the real-world setup, we did not rely on ground-truth
depth. Instead, we generated pseudo-depth maps using the
largest version of a state-of-the-art monocular depth esti-
mator, Distill-Any-Depth [17]. This provided an additional
channel d = D(x) per image, approximating relative depth
from a single RGB input.

To study robustness to noisy depth signals, we further
created corrupted variants using Gaussian noise:

d=clip(d+0¢,0,1), e~ N(0,1), 3)

where o controls the noise level (low, medium, or pure
noise). This allowed us to analyse whether networks can
still benefit from pseudo-depth even when the depth quality
degrades.

3.4. Training objective and procedure

All models, both RGB and RGB-D, were trained using the
same loss function in Equation 2. Optimisation followed
standard stochastic gradient descent with adaptive learn-
ing rates and weight decay, ensuring identical training con-
ditions across modalities. The detailed hyperparameters
(learning rate, batch size, epochs, etc.) are provided in the
next section.



During evaluation, accuracy was measured per domain
(background colour or NICO++ context) for direct com-
parison of model generalisation performance. Although
RGB-D models are trained for a larger maximum number
of epochs than RGB models in some experiments to ac-
commodate potentially slower convergence, this does not
confer an optimisation advantage. In all cases, model selec-
tion is based on validation accuracy, and test performance
is reported using the checkpoint with the highest validation
accuracy for each run.

4. Experiments

This section presents the experimental evaluation of our
approach and addresses the RQs outlined in the intro-
duction. We structure the experiments to progress from
a highly controlled toy setting to a realistic, large-scale
benchmark, allowing us to first isolate causal effects and
then assess their robustness under real-world conditions.
Across both settings, we focus on measuring OOD gen-
eralisation under contextual shifts, comparing RGB-only
models to their RGB-D counterparts and analysing how the
inclusion and quality of predicted depth influence perfor-
mance. Together, these experiments are designed to disen-
tangle whether pseudo-depth acts merely as an additional
input channel or as a meaningful auxiliary signal that im-
proves robustness by mitigating reliance on spurious visual
cues.

Across all experiments, we compare RGB models to
their RGB-D counterparts under matched training protocols
and report mean + sample standard deviation over three
runs. Unless stated otherwise, models are trained from
scratch, evaluated on fixed held-out splits, and only the in-
put modality (RGB vs. RGB-D) or depth quality is varied.

4.1. Toy setting

We first study a controlled toy setting based on a custom
variation of MNIST to isolate the causal role of depth un-
der a known contextual shift. By construction, background
colour acts as a spurious cue for RGB models, while the
pseudo-depth channel preserves digit shape independently
of colour. This setting, therefore, serves as a diagnostic test
of whether adding depth reduces sensitivity to background
context before moving to a realistic benchmark.

4.1.1. Experimental setup

We use custom MNIST variants where digits are compos-
ited over uniform backgrounds (red/green/blue/black). Im-
ages are resized to 28 x 28 and normalised. Depth maps are
pre-generated as binary near—far masks. For the “RGB” toy
variant, training uses red + green backgrounds, and testing
reports accuracies on blue (unseen), green, and red. A sep-
arate “black” toy variant is trained and evaluated on black
backgrounds to provide an upper boundary on the model’s

performance. Each digit class appears 20 times in the train-
ing set (10 on red and 10 on green backgrounds, or 20 on
black backgrounds), 10 times in the validation set (5 per red
and green colour, and 10 for the black colour), and 10 times
in each test set (blue, red, green, or black backgrounds),
yielding 200, 100, and 100 images per split, respectively.
All sets are strictly non-overlapping and balanced across
classes and background colours.

Figure 2 shows representative samples from our custom
MNIST toy dataset. In-distribution (ID) images use the red
and green backgrounds observed during training, while the
blue background is held out and constitutes the OOD con-
text shift. For the RGB-D variant, the accompanying depth
channel is not predicted but synthetically defined as a bi-
nary near-far mask. Digit foreground pixels are assigned
a value of 1 (white) and background pixels a value of 0
(black). This construction preserves digit shape while re-
moving colour, making depth informative about geometry
but uninformative about the background context.

We instantiate a compact CNN for RGB and its RGB-
D counterpart. RGB-D uses dual streams (one for RGB,
one for single-channel depth) with feature concatenation be-
fore the classifier. The models are used both in the within-
context and cross-context setups for consistency and are al-
ways trained from scratch.

For RGB runs, we train for 150 epochs with AdamW
with a learning rate of 1e~ and weight decay of 5¢~*. For
RGB-D runs, we train for 200 epochs with the same op-
timiser. Each setting is repeated for 3 iterations, and we
report the mean + sample standard deviation. Randomness
is controlled by a base seed of 42 that is incremented per
iteration.

4.1.2. Results on custom MNIST - Experiment 1

To validate our core hypothesis in a controlled setting before
moving to the real-world NICO++ benchmark, we first con-
ducted experiments on our synthetic MNIST-based dataset,
reporting accuracy outcomes. Models were trained on dig-
its placed on red and green backgrounds, and then evaluated
on held-out red, green, and blue backgrounds. The blue
background constitutes the OOD shift, as the model never
observes this colour during training. We also included a
black-background control experiment, in which both RGB
and RGB-D versions were trained and tested on uniform
black backgrounds, ensuring that no colour-based shortcut
is available at all.

The results, averaged over three runs, are shown in Ta-
ble 1. The RGB baseline exhibits strong performance on the
seen red and green backgrounds but drops substantially on
the unseen blue background (61.67% + 23.12). The large
standard deviation indicates substantial run-to-run variabil-
ity, suggesting that RGB-only models are highly sensitive
to stochastic factors when forced to generalise beyond the
training contexts. This behaviour is consistent with reliance
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Figure 2. Example images of the coloured-background toy MNIST. Training/in-distribution (ID) images have backgrounds that are red
and green. The blue background images are held out and used as the out-of-distribution (OOD) context at test time.

on colour-specific cues that fail under distribution shift.

In contrast, the RGB-D model shows a clear improve-
ment on the unseen blue background, achieving a substan-
tially higher mean accuracy (81.33% + 4.16). Importantly,
this improvement is accompanied by a dramatic reduction
in variance across runs. While the RGB model’s OOD per-
formance varies widely depending on the training instance,
the RGB-D model exhibits consistently strong generalisa-
tion under the same shift. Performance on the seen red and
green backgrounds remains comparable between RGB and
RGB-D, indicating that the gains under OOD conditions do
not come at the expense of in-distribution accuracy.

On the black-background control, both models achieve
similar accuracies, suggesting that the gains under distri-
bution shift arise from the complementary depth informa-
tion rather than added model capacity alone. Overall, these
results show that incorporating depth information not only
improves average OOD accuracy but also significantly sta-
bilises performance across runs, providing an early indica-
tion that depth cues mitigate brittle reliance on background
appearance.

4.2. Real-world setting

We then evaluate the same hypothesis on NICO++, a large-
scale benchmark designed to probe OOD generalisation un-
der natural contextual variation. Unlike the toy setting,
shifts in NICO++ involve complex changes in texture, scene
layout, and background statistics. We therefore use this set-
ting to test whether the gains from pseudo-depth persist un-
der realistic domain shift, and to quantify how depth quality
affects the observed improvements.

4.2.1. Experimental setup

We use NICO++ with 20 object classes. Training contexts
are “autumn”, ’dim”, “rock”, and ’water”, and unseen con-
texts are “grass” and “outdoor”. For each (class, context)
pair in the training set, we sample 70 images for training,
15 for validation, and 15 for ID testing (‘“seen”). For each
(class, context) pair in the unseen set, we sample 15 im-
ages for OOD testing (“unseen”). This yields per class: 280
training (4 x 70), 60 validation (4 x 15), 60 seen-testing (4
x 15), and 30 unseen-testing images (2 x 15). All splits
are disjoint and class-balanced within each context. To en-
sure sufficient and balanced data per category, we selected
the 20 object classes in NICO++ with the largest number
of available samples, thereby avoiding underrepresented or
highly imbalanced classes. The choice of “seen” versus
“unseen” contexts follows a similar rationale: we grouped
“autumn”, ’dim”, “rock”, and “water” as ”’seen” contexts,
while reserving “’grass” and “outdoor” as unseen” contexts
because these two are semantically related and visually sim-
ilar, which makes them a natural OOD target group and
helps avoid bias that could arise from mixing them with the
training domains.

Figure 3 shows representative RGB images from the
NICO++ dataset alongside their corresponding monocular
depth predictions. The first four examples illustrate ID
training contexts, while the last two correspond to unseen
OOD test contexts. The associated depth maps, generated
using Distill-Any-Depth, capture coarse geometric structure
that is largely invariant to background appearance, and are
used as the additional input channel in our RGB-D experi-
ments.

Inputs are resized/cropped to 224 x 224. RGB training
uses random resized crop with a scale of 0.35 — 1, horizontal



Table 1. Aggregated accuracy results (mean + sample standard deviation (in %) over three runs) for the toy MNIST setup. Models
are trained on digits placed on red and green backgrounds and evaluated on in-distribution (ID) red, green, and unseen out-of-distribution
(OOD) blue backgrounds, with a separate black-background control experiment included. The RGB-D model shows improved and more
stable performance under the unseen blue background shift. Bold values indicate the results on the Blue Test set, which represents the

unseen background OOD condition.

Coloured Background Experiment

Black Background Control

Train / Val Test

Train / Val Test

Train Val Red (ID)

Green (ID)

Blue (OOD) | Train Val Black

RGB-D 98.83 £2.02 87.33 £2.52 82.67 £1.53 83.33 £1.53 81.33 +4.16

95.50 £5.77 86.33 £4.04 84.00 £ 7.00

RGB 9733 £3.06 86.33 £3.21 81.67 £5.86 83.67 £4.58 61.67 + 23.12 | 99.67 £0.29 87.33 £5.51 84.33 £5.69

Figure 3. Example images from the NICO++ dataset with predicted depth. The top row shows RGB images from NICO++, while
the bottom row shows the corresponding monocular depth maps generated using Distill-Any-Depth. The first four columns correspond to
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in-distribution (ID) training contexts: “bird” in the “autumn”, “cat” in “dim” lightning, "car” on “rock”, and “dog” in ”water”. The last two

columns correspond to out-of-distribution (OOD) test contexts held out during training: “cow” on “grass” and chair

25 33

outdoor”. Depth

maps are generated offline and used as the additional input channel in the RGB-D models.

flip, and colour jitter, followed by ImageNet normalisation.
Evaluation uses resizing to 256 and centre crop. For RGB-
D, we use early fusion. The depth channel is concatenated
with RGB to form a 4-channel tensor. To preserve cross-
modal spatial alignment, we apply joint transforms that use
the same sampled crop and flip to both RGB and depth.
Per-modality normalisation is then applied before concate-
nation. Depth maps are precomputed monocular pseudo-
depths, generated using a state-of-the-art monocular depth
estimator at the time of writing this paper.

To investigate RQ3, we additionally construct three
noisy variants of these pseudo-depth maps. Starting from
the original grayscale depth map, we first normalise pixel
values to the [0, 1] range. For the low-noise condition, we
add pixel-wise Gaussian noise with zero mean and standard
deviation ¢ = 0.03, and clip the result back to [0, 1]. For
the medium-noise condition, we increase the standard de-
viation to o = 0.08, again followed by clipping. Finally,
for the pure-noise condition, we ignore the original depth
map altogether and instead sample each pixel independently
from a Gaussian distribution with mean 0.5 and standard

deviation 0.5, clipping again to [0, 1]. The RGB images re-
main unchanged in all cases, and only the depth channel is
perturbed. These three depth variants are used both at train-
ing and at test time in the corresponding noise-corruption
experiments.

We evaluate four commonly used CNN classifiers,
ResNet-18, EfficientNet-BO, MobileNetV?2, and ShuffleNet
V2, under two modalities: RGB (3-channel input) and
RGB-D (4-channel early fusion by replacing the first con-
volution to accept 4 channels). Within each modality, all
hyperparameters are identical across backbones.

We train with AdamW with learning rate 1e 3, weight
decay 54, and 8 = (0.9, 0.999), cosine LR with 5 warm-
up epochs, batch size 32, input size 224, and the same seed
and incrementing strategy used in the toy setup. All models
train for 200 epochs, except for ShuffleNet in the RGB-D
experiments, which trains for 300 epochs to accommodate
its longer convergence time. We monitor validation accu-
racy each epoch and retain the checkpoint with the best val-
idation performance. The final results are computed with
this checkpoint. We report accuracy on the ’seen” contexts



test set and the “unseen” contexts test set. Each experiment
is repeated 3 times with different randomisation, and we
report the mean + sample standard deviation of the results
across these runs.

Of note is that in the toy setup, we adopted a late-
fusion design as a straightforward way to verify whether the
inclusion of (pseudo-)depth could improve generalisation.
This configuration, with two parallel branches for RGB and
depth, served as a controlled proof of concept to test if depth
cues can enhance OOD performance. However, late fusion
nearly doubles the number of parameters and computational
cost, since both branches replicate the full backbone. For
the real-world experiments, we therefore opted for an early-
fusion strategy, concatenating the depth map with the RGB
channels at the input, so that the model learns cross-modal
features from the first layer while keeping the parameter in-
crease negligible. This allows us to test whether the ob-
served benefits of depth persist even under a minimal and
practically relevant architectural configuration.

Lastly, in all experiments, the models were not tuned
through explicit hyperparameter optimisation, as it was be-
yond the scope of our research. Instead, we trained each
network for a sufficiently long schedule (e.g., 150 epochs
for RGB, 200 epochs for RGB-D in the toy setup) to ensure
convergence, while monitoring validation accuracy. The
checkpoint with the highest validation performance was re-
tained and used for final testing, and all reported results cor-
respond to this best-validation model.

4.2.2. Results on NICO++

In the real-world setting, we now evaluate our approach on
the NICO++ benchmark, where contextual variation is nat-
ural and more challenging, and evaluate whether the same
RGB vs. RGB-D trends persist across multiple standard
CNN backbones. For the real-world setup, we summarise
OOD behaviour using the seen-unseen context generalisa-
tion gap A (Equation 6), and additionally analyse how this
gap changes when the depth channel is progressively de-
graded with noise. We structure the analysis into a sequence
of focused experiments that address our research questions.

4.2.2.1 Experiment 2: What is the baseline in-
distribution vs. OOD performance gap for
RGB-only models?

Before evaluating any depth-augmented variant, we must
first quantify how strong the OOD gap is when using
conventional RGB models. This establishes a reference
point for later experiments and clarifies the extent to which
colour-based shortcuts affect generalisation on NICO++.
We train four widely used CNN architectures, ResNet-
18, EfficientNet-B0O, MobileNetV2, and ShuffleNet V2, on
the NICO++ training split described in 4.2.1. At test time,
the models are evaluated both on the seen contexts and on

held-out unseen contexts representing genuine OOD shifts
in background not observed during training. The OOD gen-
eralisation behaviour is summarised via the difference:

A = Seen Accuracy — Unseen Accuracy, (6)

where a larger A indicates stronger reliance on context-
specific cues.

Table 2 reports the mean =+ standard deviation of A
across three independent runs for each architecture. All
four RGB models exhibit a substantial OOD degradation,
with accuracy gaps consistently around 10%. MobileNet,
ShuffleNet, and ResNet-18 show the largest gaps (10.78%,
10.67%, and 10.66%, respectively), closely followed by Ef-
ficientNet (10.22%). Notably, the standard deviations are
small across all models, below 1%, indicating that the ob-
served OOD degradation is systematic rather than the prod-
uct of training noise. In other words, the reliance on back-
ground cues is a stable and reproducible property of RGB-
only training on NICO++.

Additionally, while our analysis focuses on the ”seen”
- "unseen” accuracy generalisation gap A, the underlying
absolute test accuracies for each run and model, under all
experimental conditions, are reported in the Appendix A.4
for transparency and reproducibility.

4.2.2.2 Experiment 3: Can augmenting RGB images
with a single estimated depth channel narrow
the OOD gap?

Having established the RGB baseline, we now turn to
RQ2, which asks whether augmenting each input image
with a single estimated depth channel can systematically
reduce the OOD performance gap. The motivation is to
test whether depth cues, though approximate and predicted
rather than ground-truth, provide complementary informa-
tion that discourages reliance on background colour or tex-
ture.

We evaluate the same four CNN architectures as be-
fore (ResNet-18, EfficientNet-BO, MobileNetV2, Shuf-
fleNet V2), but now each model receives a 4-channel input
comprising RGB plus a predicted depth map. The training
and evaluation protocol remains unchanged from 4.2.1, and
we again quantify robustness using the context generalisa-
tion gap A from Equation 6.

Table 2 again reports the mean + standard deviation of
A across three independent runs for the RGB-D models. In
contrast to the RGB-only baselines, all architectures exhibit
a consistently smaller OOD degradation. Across models,
the gap decreases from roughly 10% (RGB) to around 8%
when depth is added. The reduction is most pronounced
for MobileNet and ResNet-18 (down to 8.17% and 8.16%),
while EfficientNet also benefits, achieving the lowest vari-
ance among all models (8.92% =+ 0.22). These findings in-



dicate that depth cues, despite being predicted rather than
measured, provide a meaningful signal that mitigates re-
liance on colour-based shortcuts.

When examining the variability across runs, ShuffleNet
and ResNet-18 exhibit noticeably higher standard devia-
tions (1.63% and 1.45%), suggesting that while depth gen-
erally improves their OOD performance, the extent of im-
provement varies more across random initialisations. This
increased variance indicates a degree of sensitivity to opti-
misation dynamics in these architectures when depth is in-
troduced. Nonetheless, the reduction in the mean OOD gap
remains consistent across all four models.

Overall, the results provide a clear answer to RQ2:
adding a single predicted depth channel consistently nar-
rows the OOD generalisation gap across all tested CNN ar-
chitectures.

4.2.2.3 Experiment 4: How does the quality of the
depth estimate influence the improvement?

To better understand the robustness of the depth-augmented
models, we go to RQ3 to investigate how sensitive the ob-
served gains are to the quality of the depth estimate. While
earlier results demonstrated that predicted depth maps con-
sistently reduce the OOD generalisation gap, it is natural to
ask whether this benefit depends on the fidelity of the depth
signal or whether even approximate estimates are sufficient
to discourage shortcut learning.

To this end, we explicitly corrupt the predicted depth
maps with increasing levels of noise. A low-noise condi-
tion in which the structural content of the depth signal re-
mains largely intact, a medium-noise condition that intro-
duces substantial degradation, and a pure-noise condition
in which the depth channel contains no geometric informa-
tion at all. Each corrupted depth map is then fed to the
RGB-D models during both training and testing, allowing
us to directly assess how OOD generalisation depends on
the available geometric signal. As in previous experiments,
robustness is quantified by the context generalisation gap A
from Equation 6, with lower values indicating better OOD
generalisation.

The results, summarised in Table 2, reveal a clear and
systematic pattern. Under low noise, most architectures pre-
serve the gains observed with clean predicted depth. Effi-
cientNet and MobileNet achieve the smallest gaps (8.72%
and 9.25%, respectively), and their relatively low standard
deviations indicate stable behaviour across runs. ResNet-
18 also benefits from low-noise depth, although with higher
variability. In contrast, ShuffleNet stands out in this regime.
Despite low noise, it exhibits a substantially larger gap
(11.33% £ 0.15), comparable to the RGB-only baseline, and
shows little variance across runs. This indicates that, for
ShuffleNet, adding depth under low-noise conditions does

not yield the same degree of OOD improvement as observed
for the other architectures.

When moving to medium noise, the gaps generally in-
crease but remain consistently lower than those of RGB-
only training. ResNet-18 achieves the smallest gap (8.84%
+ 0.17), while MobileNet and EfficientNet exhibit larger
gaps and higher variability, indicating that some architec-
tures are more sensitive to imperfections in the depth chan-
nel than others. Interestingly, ShuffleNet now shows a re-
duced gap (8.92% + 0.58) compared to the low-noise condi-
tion, indicating that its OOD performance is not monotoni-
cally related to depth quality. Nonetheless, even moderately
degraded depth remains beneficial relative to omitting it en-
tirely across architectures.

The pure-noise condition provides an important control.
If the depth channel were merely acting as a regulariser or
additional input dimension, we would expect performance
to resemble that of the medium-noise condition. Instead,
all models experience a clear degradation, with gaps ris-
ing to approximately 9—11%. This demonstrates that the
improvements observed in earlier experiments are not due
to the mere presence of an extra channel, but specifically
arise from depth encoding meaningful geometric structure.
The fact that adding completely uninformative depth wors-
ens performance for several models highlights that the net-
works do attempt to use the depth signal, and are adversely
affected when it becomes misleading.

The depth-quality ablation can be viewed as a controlled
input-level intervention that isolates the role of geometric
information in the observed robustness gains. By progres-
sively degrading the depth channel while keeping the archi-
tecture, training procedure, and RGB inputs fixed, we ex-
plicitly decouple the presence of an additional channel from
the presence of meaningful geometric structure. The degra-
dation in OOD performance as depth quality decreases, and
the disappearance of the benefit under pure noise, indicate
that the improvements are not due to regularisation or in-
creased input dimensionality. Instead, they arise specif-
ically from depth encoding usable geometric cues. This
experiment, therefore, provides evidence that pseudo-depth
contributes as an informative auxiliary signal, rather than as
a spurious or shortcut-inducing modality.

Overall, these results reveal that the quality of the depth
estimate meaningfully shapes the extent of the OOD im-
provement. While coarse or noisy depth still provides useful
inductive bias, the benefits diminish as noise increases, and
disappear entirely when geometric structure is lost. These
results further strengthen the interpretation that depth in-
formation, even when predicted and imperfect, can guide
CNNs away from brittle context cues and toward more ro-
bust representations. A class-resolved analysis and qualita-
tive input-level of these effects is provided in the Appendix.



Table 2. NICO++ context generalisation gap across input modalities and depth quality. We report the seen - unseen context gap
A = AcCseen — ACCunseen (see Equation 6) (in %), as mean £ sample standard deviation over three runs. Lower A indicates better out-of-
distribution (OOD) generalisation. Clean denotes predicted depth (RGB-D) without noise corruption. Low/Medium add varying levels of
Gaussian noise to the depth channel. Pure replaces depth with random noise.

Backbone Baseline Depth quality ablation (RGB-D)

RGB RGB-D (Clean) Low Medium Pure
ResNet-18 10.66 £ 0.65 8.16 £1.45 9.36 £1.33 8.84 £0.17 10.53 £1.19
EfficientNet 10.22 £ 0.05 8.92 £0.22 8.72 £ 0.56 10.06 £+ 1.28 9.56 £ 1.27
MobileNet 10.78 £ 0.63 8.17£0.52 9.25£1.04 9.91 £1.67 10.75 £ 1.26
ShuffleNet 10.67 £ 0.00 8.20 £1.63 11.33 £0.15 8.92 £ 0.58 8.36 £ 1.85

5. Discussion

This work set out to examine whether estimated depth,
when used as a simple auxiliary signal, can improve the
robustness of standard CNN classifiers under domain shift.
Across both controlled toy experiments and real-world eval-
uations on NICO++, our results consistently show that aug-
menting RGB inputs with a single pseudo-depth channel
reduces OOD performance gaps, without harming ID ac-
curacy. Crucially, these gains are observed even though the
depth signal is predicted rather than measured, and no archi-
tectural changes are introduced beyond minimal input fu-
sion. Taken together, the findings suggest that even approx-
imate geometric cues can act as an effective inductive bias,
encouraging models to rely less on superficial appearance
correlations and more on structural properties that transfer
across environments.

5.1. Model scale and generality of findings

The experiments in this work focus on compact and com-
monly used CNN architectures, and do not include large-
scale models such as vision transformers or foundation
models pretrained on massive datasets. This choice was in-
tentional. Restricting model scale allows us to isolate the
empirical effect of introducing geometric information on
robustness outcomes by holding architecture, optimisation,
and data constant while varying only the input modality.
Importantly, we do not claim that the observed improve-
ments are specific to lightweight models, nor that larger
models would fail to generalise without depth. Rather, our
results support the interpretation that depth acts as a geo-
metric inductive bias. It introduces structural cues that are
less sensitive to contextual appearance shifts, independently
of model size. While larger models may rely less on short-
cut correlations due to their scale and data diversity, there
is no reason to expect that geometric information would be-
come irrelevant under domain shift. Verifying how pseudo-
depth interacts with large-scale pretrained models remains
an important direction for future work, but is beyond the
scope of this study.

Furthermore, to verify that the observed improvements
are not driven by the model collapsing onto depth as a short-
cut, we conducted an additional controlled experiment in
which depth alone is insufficient to solve the task. The re-
sults, reported in the Appendix A.l, confirm that effective
performance requires integrating both RGB and depth cues,
and that the model does not rely on depth in isolation.

To better understand how these robustness gains mani-
fest at the class level, we further analyse the structure of
the models’ errors using aggregated confusion matrices, re-
ported in the Appendix A.2. This analysis shows that the
reduction in OOD error is not uniform across classes, but
is driven by the attenuation of a small number of struc-
tured semantic confusions (e.g., within vehicle and animal
categories). Importantly, these class-resolved patterns mir-
ror the depth-quality ablation results: clean depth reduces
dominant confusions, while progressively corrupted depth
causes the confusion structure to revert to that of RGB-only
models. This provides additional evidence that pseudo-
depth contributes meaningful geometric information rather
than acting as a generic regulariser.

These class-resolved effects are further illustrated
through qualitative input-level examples. Figure 9 in the
Appendix A.3 shows representative unseen-context images
for which RGB-only models fail, while RGB-D mod-
els with clean estimated depth recover the correct class.
In these examples, adding depth resolves the same ani-
mal-animal, vehicle—vehicle, and shape-driven confusions
identified in the confusion-matrix analysis, while replacing
depth with pure noise removes this benefit. These cases
provide an interpretable, input-level view of how geometric
cues reduce reliance on appearance-based shortcuts under
domain shift.

5.2. Limitations

While the results consistently demonstrate that pseudo-
depth can improve robustness under domain shift, several
limitations of this study should be acknowledged. First, all
real-world experiments rely on a single monocular depth es-



timation model to generate pseudo-depth maps. Although
this estimator represents the state of the art at the time of
writing, its predictions are inevitably imperfect and may en-
code biases specific to its training data. While our noise
corruption experiments partially address robustness to de-
graded depth quality, we do not evaluate how different depth
estimators, or depth models trained under different regimes,
might affect downstream classification performance.

Second, depth maps are generated offline and treated as
fixed inputs during classifier training. This design choice al-
lows us to isolate the effect of depth as an auxiliary signal,
but it precludes any end-to-end adaptation between depth
prediction and classification. Joint optimisation could po-
tentially amplify or attenuate the observed benefits, partic-
ularly under domain shift, but would introduce additional
confounding factors that are outside the scope of this work.

Third, our evaluation is limited to image classification
tasks. While classification provides a clean testbed for
analysing shortcut reliance and context bias, it remains un-
clear to what extent the observed effects transfer to other
vision tasks such as detection or segmentation, where depth
information is already known to play a more explicit role.
Finally, although the experiments span both synthetic and
real-world datasets, they do not cover extreme distribution
shifts or open-set conditions, which may require stronger
forms of invariance than those induced by a single geomet-
ric cue.

5.3. Future work

Several directions for future work follow naturally from the
findings of this study. A first direction concerns the inter-
action between pseudo-depth and model scale. While we
deliberately focused on compact CNN architectures to iso-
late the effect of geometric cues, it would be valuable to
examine whether similar robustness gains persist in larger,
pretrained models, including vision transformers and hybrid
architectures. Such an investigation could clarify whether
geometric inductive biases remain beneficial when models
have access to substantially greater capacity and visual di-
versity.

A second avenue is the integration of depth prediction
and classification in an end-to-end framework. Joint opti-
misation may allow the depth estimator to adapt its repre-
sentations to the needs of the downstream task, potentially
improving robustness under domain shift. At the same time,
end-to-end training raises important questions about stabil-
ity and shortcut formation, which would require careful ex-
perimental design to disentangle.

Beyond architecture and training strategy, future work
could explore alternative forms of geometric or structural
supervision. While this work focuses on monocular depth,
other signals such as surface normals, relative ordering,
or coarse shape priors may provide complementary induc-

tive biases that further reduce reliance on appearance-driven
shortcuts. Finally, extending the analysis to additional tasks
and more diverse domain shifts, including open-set and
long-tail scenarios, would help assess the generality of the
observed effects and clarify the broader role of geometry in
robust visual recognition.

6. Conclusion

This paper examined whether estimated depth, obtained
from monocular RGB images, can serve as a practical aux-
iliary signal to improve the robustness of CNN classifiers
under domain shift. Through controlled toy experiments
and real-world evaluations on NICO++, we showed that
augmenting standard RGB pipelines with a single pseudo-
depth channel consistently reduces out-of-distribution per-
formance gaps, while preserving in-distribution accuracy.
These improvements hold across multiple CNN architec-
tures and persist even when depth estimates are noisy, pro-
vided that they retain meaningful geometric structure.

The key implication of these findings is that geometric
cues need not be precise or sensor-derived to be useful.
Even imperfect, predicted depth can act as a stabilising in-
ductive bias, encouraging models to rely less on superficial
appearance correlations and more on structural properties
that transfer across environments. Importantly, this benefit
is achieved without architectural redesign, additional super-
vision, or increased model capacity, making pseudo-depth
augmentation a simple and accessible extension to existing
RGB classification pipelines.

At the same time, our results do not suggest that pseudo-
depth alone is sufficient for robust generalisation, nor that
it replaces other strategies such as scale, data diversity, or
explicit regularisation. Rather, the evidence indicates that
geometry, even if approximate, provides complementary in-
formation that can meaningfully narrow robustness gaps in
settings where models are otherwise prone to shortcut learn-
ing. In this sense, the contribution of this work lies not in
proposing a new model, but in empirically demonstrating
that even minimal geometric information can play a con-
structive role in improving out-of-distribution behaviour in
practical vision systems.
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A. Appendix

This appendix provides supporting analyses that expand on
the main paper’s quantitative results. Specifically, A.l in-
troduces a controlled stress test of modality usage in the
toy setting. By making the label depend on digit identity
and colour, it prevents a depth-only shortcut and checks
that RGB-D models do not collapse onto depth when RGB
is necessary. A.2 then provides a class-resolved view of
the NICO++ results via row-normalised confusion matri-
ces, highlighting which structured confusions dominate un-
der contextual shift and how clean versus corrupted pseudo-
depth changes these patterns. A.3 complements this with a
small set of deterministic input-level examples that illus-
trate the same idea, that depth helps and noise removes the
benefit, at the level of individual predictions. Finally, A.4
reports the full per-run “seen”/”unseen” accuracies under-
lying the aggregated metrics in the main paper to support
transparency and reproducibility.

Unless noted otherwise, all appendix results follow the
same reporting conventions as the main paper (mean + sam-
ple standard deviation over three runs) and use the same
data splits, models, and evaluation protocols.

A.1. Controlled experiment with coloured digits
and coloured backgrounds

To further assess whether our RGB-D classifier might be
relying disproportionately on depth in the toy experiment,
we designed a second controlled experiment using a more
challenging version of our custom MNIST dataset. In this
variant, both the digit and the background are colour-coded,
and the class label depends not only on the digit identity
but also on the digit’s colour. For example, a lime ”3”
and an orange ”3” correspond to different classes. Conse-
quently, even though the shape of the digit remains visible
in the depth map, the depth channel alone is not informative
enough to determine the correct class. Successful classifi-
cation requires the model to combine digit shape (available
in depth) with digit colour (available only in RGB). This
construction explicitly prevents any shortcut solution based
solely on depth.

In this dataset, digits appear in two colours, lime or
orange, and are placed against red, green, blue, or black
backgrounds, producing eight combinations (lime/orange
x red/green/blue/black). Training uses lime/orange digits
only on red and green backgrounds. Validation is balanced
across digit colours and red/green backgrounds, without ex-
posure to blue backgrounds, and testing is performed on un-
seen digit instances evaluated on multiple backgrounds. As
in the main toy setup, we also construct a matched black-
background control. Figure 4 shows representative samples
from this coloured-digit MNIST variant. All splits are non-
overlapping. Depth maps are constructed identically to the
main toy experiment, encoding the digit silhouette with a

constant depth value and a uniform background plane.

The same late fusion RGB-D model and hyperparame-
ters used in the main toy experiment were applied here. Be-
cause digit identity is entangled with both its colour and
its depth boundary structure, the depth channel alone is not
sufficient to solve the classification task. Therefore, this ex-
periment tests whether the RGB-D model is genuinely us-
ing multi-modal information or whether it collapses onto a
depth-only shortcut.

For this experiment, as with the others, the reported
accuracy for each test condition (red, green, blue, black)
reflects how well the model can classify digit + digit-
colour combinations aggregated over the corresponding
background colours. That is, each score represents clas-
sification performance for a given digit-colour combination
averaged across multiple background contexts.

Results averaged over three runs are shown in Table 3.
As expected, performance on the coloured-digit experiment
is substantially lower than in the simpler background-only
setup due to the increased task difficulty. Importantly, the
model does not exhibit high accuracy on any of the coloured
test sets, demonstrating that it does not rely purely on depth
cues. Instead, the drops confirm that classification requires
integrating both modalities, and the RGB-D model does not
exploit depth as an isolated shortcut. Performance on the
black-background control is again higher and more stable,
confirming that the depth modality does not dominate the
model’s decision-making when colour information is essen-
tial for solving the task.

A.2. Confusion matrix analysis across modalities
and depth corruption

To better understand how estimated depth affects recogni-
tion under domain shift, we report row-normalised confu-
sion matrices aggregated across three runs (mean + sam-
ple standard deviation) for each backbone, for both the seen
and unseen contexts test splits, and for RGB-D under pro-
gressively corrupted depth (no-, low-, medium-, and pure-
noise). Because each row is normalised, diagonal entries
directly reflect per-class recall, while off-diagonal mass in-
dicates systematic confusions between specific class pairs.
For each run, confusion matrices are first row-normalised to
obtain per-class conditional probabilities and are then aver-
aged across runs. Reported sample standard deviations are
computed across these normalised matrices.

Table 4 summarises the macro recall implied by the
confusion-matrix diagonals on the unseen contexts split
across backbones and depth-corruption conditions.

Across backbones, the RGB-only models exhibit a clear
structural change from the seen to the unseen split. Matrices
become less diagonal, and probability mass concentrates
into a small number of semantically plausible confusions
(e.g., within vehicle-like categories and within animal-like
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Figure 4. Example images from the coloured-digit MNIST variant with coloured backgrounds. Digits appear in two foreground
colours (lime and orange) and are placed on coloured backgrounds. The in-distribution (ID) training data consists of images with red and
green backgrounds, containing both lime and orange digits. The out-of-distribution (OOD) setting corresponds to the blue background,
which is never observed during training. A separate black background is used as a control condition, in which no colour-based shortcut is
available.

Table 3. Results for the coloured-digit MNIST experiment (mean + sample standard deviation (in %) over three runs). This variant
requires combining RGB and depth information, as neither modality alone suffices to identify the label. Bold values indicate the results on

the Blue Test set, which represents the unseen background out-of-distribution (OOD) condition.

Coloured-Digit Experiment

Black Background Control

Train / Val

Test

Train / Val Test

Train Val Red (ID)

Green (ID)

Blue (OOD) | Train Val Black

RGB-D 100.00 +0.00 58.83 £2.31 51.67 £8.50 53.67 =7.51 50.67 £ 10.97 | 99.67 £0.58 76.17 +£4.19 7333 +£1.15

categories). When a clean estimated depth is added via early
fusion, this concentration is reduced on the unseen split.
Several classes recover diagonal mass, and the dominant
off-diagonal confusions weaken, consistent with depth con-
tributing complementary shape and layout cues that are less
sensitive to appearance shifts.

The depth-quality ablation provides an interpretable
“input-level intervention” on these error patterns. Under
low and medium depth noise, the confusion matrices pro-
gressively revert toward the RGB-only structure: diagonal
gains shrink, and the dominant confusion pairs re-emerge.
Under pure-noise depth, improvements largely vanish (and
in some cases reverse), indicating that the observed robust-
ness gains are not explained by adding an extra channel
alone, but depend on geometric structure in the depth sig-
nal. In this sense, the confusion matrices provide a qualita-
tive, class-resolved analysis of model behaviour that com-
plements the aggregate depth-corruption results reported in
the main paper.

Figure 5, 6, 7, and 8 show the full set of aggregated con-
fusion matrices for each backbone and condition. We also
report class-level analyses for the four models, from highly
lightweight (ShuffleNet, MobileNet) to higher-capacity ar-
chitectures (ResNet-18, EfficientNet).

A.2.1. EfficientNet: class-level confusion analysis

In the RGB-only setting, EfficientNet exhibits a substan-
tial drop in macro recall from the seen to the unseen con-
texts split (0.606 to 0.502), indicating sensitivity to contex-
tual domain shift. This degradation is dominated by a small
number of structured semantic confusions rather than being
uniformly distributed across classes. In particular, vehicle-
related classes (e.g., car — truck, bicycle — motorcycle)
and animal-related classes (e.g., horse — cow, dog — cow)
account for a large fraction of the off-diagonal mass on the
unseen split.

When a clean estimated depth is introduced via early
fusion, unseen macro recall increases markedly to 0.633.
This improvement is accompanied by consistent gains in
per-class recall for geometry-relevant categories such as bi-
cycle, cat, horse, chair, and motorcycle, as well as by a
reduction in the dominant confusion pairs observed in the
RGB baseline. Importantly, these changes are stable across
runs, as indicated by low standard deviations, suggesting
that depth contributes reliable complementary information
rather than acting as a stochastic regulariser.

As depth quality degrades, this benefit progressively di-
minishes. Under low- and medium-noise depth, macro re-
call on the unseen split remains above the RGB baseline,



Backbone RGB RGB-D (Clean) RGB-D (Low) RGB-D (Medium) RGB-D (Pure)
ResNet-18 0.521 0.624 0.624 0.631 0.511
EfficientNet 0.502 0.633 0.628 0.618 0.514
MobileNet 0.417 0.592 0.583 0.565 0.424
ShuffleNet 0.424 0.554 0.544 0.543 0.427

Table 4. Macro recall (mean of the diagonal entries in the row-normalised confusion matrices) on the unseen contexts split, aggre-
gated over three runs, for RGB and RGB-D under progressively corrupted noisy depth.

(a) RGB (seen)

(f) RGB (unseen)

seen)

(b) RGB-D no-noise (seen)  (c) RGB-D low-noise (seen) (d) RGB-D medium-noise (e) RGB-D pure-noise (seen)

(g) RGB-D no-noise (unseen) (h) RGB-D low-noise (un- (i) RGB-D medium-noise (j) RGB-D pure-noise (un-

(seen)

(unseen) seen)

Figure 5. Row-normalised confusion matrices (mean + std over three runs) for EfficientNet across RGB and RGB-D depth-

corruption conditions on seen and unseen contexts.

but several previously suppressed confusions (e.g., horse —
cow, dog — cow) re-emerge. In the pure-noise condition,
the advantage of RGB-D largely disappears. Unseen macro
recall (0.514) approaches that of the RGB-only model, and
the confusion structure closely matches that observed with-
out depth.

A.2.2. MobileNet: class-level confusion analysis

MobileNet exhibits substantially stronger sensitivity to con-
textual domain shift than higher-capacity backbones. In the
RGB-only setting, macro recall drops from 0.520 on the
seen contexts split to 0.417 on the unseen contexts split,
with several classes collapsing to very low recall (e.g., car,
dog, cat). This degradation is dominated by a small number
of structured semantic confusions, most notably within ve-
hicle classes (car < truck, truck <> bus) and within animal
classes (horse — cow, dog — sheep).

Introducing clean estimated depth via early fusion yields
a large recovery in unseen performance, increasing macro
recall to 0.592. This improvement is driven by pronounced
gains in geometry-relevant categories such as bicycle, chair,
motorcycle, and tortoise, as well as by a reduction in the
dominance of the most frequent confusion pairs. The mag-

nitude of this gain is notably larger than for EfficientNet,
suggesting that depth cues are particularly beneficial for
lower-capacity models that are more prone to shortcut learn-
ing.

As depth quality is progressively degraded, the benefit
diminishes but does not vanish immediately. Under low-
and medium-noise depth, unseen macro recall remains well
above the RGB baseline, although several dominant confu-
sions re-emerge with increasing probability. In the pure-
noise condition, the advantage of RGB-D disappears al-
most entirely. Unseen macro recall (0.424) closely matches
the RGB-only result, and the confusion structure becomes
nearly identical.

A.2.3. ResNet-18: class-level confusion analysis

In the RGB-only setting, ResNet-18 exhibits a moderate
degradation under contextual domain shift, with macro re-
call decreasing from 0.610 on the seen split to 0.521 on the
unseen split. The most prominent failure modes involve
vehicle classes (e.g., car — truck, bus <> truck), animal
classes (e.g., horse — cow), and visually similar object pairs
such as bicycle — motorcycle.

Adding clean estimated depth via early fusion increases



(a) RGB (seen)

(b) RGB-D no-noise (seen)  (c) RGB-D low-noise (seen) (d) RGB-D medium-noise (e) RGB-D pure-noise (seen)
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(f) RGB (unseen)
seen)

(g) RGB-D no-noise (unseen) (h) RGB-D low-noise (un- (i) RGB-D medium-noise (j) RGB-D pure-noise (un-

(unseen) seen)

Figure 6. Row-normalised confusion matrices (mean + std over three runs) for ResNet-18 across RGB and RGB-D depth-

corruption conditions on seen and unseen contexts.
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Figure 7. Row-normalised confusion matrices (mean + std over three runs) for MobileNet across RGB and RGB-D depth-

corruption conditions on seen and unseen contexts.

unseen macro recall to 0.624. This improvement is accom-
panied by consistent per-class gains for categories with dis-
tinctive geometric structure, including car, bicycle, cat, and
chair, as well as by a reduction in the dominance of the
most frequent confusion pairs. Compared to MobileNet,
the magnitude of the gain is smaller, but the effect is highly
stable across runs, indicating that ResNet-18 is less brittle
while still benefiting from complementary depth cues.

As depth quality degrades, the advantage of RGB-D di-
minishes gradually. Under low- and medium-noise depth,
unseen macro recall remains close to the no-noise condi-
tion, although several semantic confusions re-emerge. In

the pure-noise condition, the benefit of depth disappears.
Unseen macro recall (0.511) closely matches the RGB-only
baseline, and the confusion structure reverts to that ob-
served without depth.

A.2.4. ShuffleNet: class-level confusion analysis

ShuffleNet exhibits the strongest sensitivity to contextual
domain shift among the evaluated backbones. In the RGB-
only setting, macro recall decreases from 0.531 on the seen
split to 0.424 on the unseen split, with several classes col-
lapsing to very low recall. The dominant failure modes
again correspond to highly structured semantic confusions,
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Figure 8. Row-normalised confusion matrices (mean + std over three runs) for ShuffleNet across RGB and RGB-D depth-

corruption conditions on seen and unseen contexts.

most prominently within vehicle classes (truck < bus, car
— truck), animal classes (horse — cow), and visually simi-
lar object pairs such as bicycle — motorcycle.

Adding clean estimated depth via early fusion increases
unseen macro recall to 0.554. Although the absolute per-
formance remains lower than for higher-capacity models,
this improvement is driven by consistent per-class gains in
geometry-sensitive categories such as bicycle, chair, motor-
cycle, and tortoise, as well as by a reduction in the domi-
nance of the most frequent confusion pairs.

As depth quality degrades, the benefit of RGB-D dimin-
ishes steadily. Under low- and medium-noise depth, unseen
macro recall remains above the RGB baseline, but dominant
confusions progressively re-emerge and variability across
runs increases. In the pure-noise condition, the advantage
of RGB-D disappears almost entirely: unseen macro recall
(0.427) closely matches the RGB-only result, and the con-
fusion structure reverts to that observed without depth.

A.24.1 Summary across backbones

Table 5 summarises the most frequent unseen-context con-
fusion pairs aggregated across backbones, illustrating how
clean depth consistently reduces the dominance of the same
semantic shortcuts observed in the RGB-only setting.
Across all evaluated architectures, the confusion matrix
analyses reveal a consistent and highly structured pattern of
failure under contextual domain shift. In the RGB-only set-
ting, performance degradation on the unseen split is dom-
inated by a small number of semantically meaningful con-
fusions, most prominently within vehicle classes (e.g., car
& truck, truck <+ bus), animal classes (e.g., horse — cow),

and visually similar object pairs such as bicycle — motor-
cycle. Introducing clean estimated depth via early fusion
consistently reduces the dominance of these confusions and
increases per-class recall for geometry-relevant categories,
with the magnitude of the gain scaling inversely with model
capacity (largest for MobileNet and ShuffleNet, smaller but
more stable for ResNet-18 and EfficientNet). As depth
quality is progressively degraded, these benefits diminish
in a smooth and interpretable manner, and under pure-noise
depth, the confusion structure reliably reverts to that of the
RGB-only baseline. Taken together, these results demon-
strate that the observed robustness gains arise from mean-
ingful geometric information in the depth signal rather than
from the addition of extra input channels, and that this effect
generalises across model architectures.

A.3. Qualitative input-level analysis on NICO++

To complement the quantitative results and the class-
resolved confusion-matrix analysis, we provide qualitative
input-level examples illustrating how estimated depth af-
fects individual predictions under domain shift. Figure 9
shows three representative samples from the unseen con-
texts split of NICO++, covering an animal category, a vehi-
cle category, and a geometry-dominated object.

In all three cases, the RGB-only ResNet-18 model fails
under the unseen context, producing semantically plausible
but incorrect predictions (e.g., animal-to-animal or vehicle-
to-vehicle confusions). When a clean estimated depth chan-
nel is added via early fusion, the model recovers the cor-
rect class. The corresponding predicted depth maps exhibit
stable geometric structure that is largely invariant to back-
ground appearance, suggesting that shape and spatial cues



Condition (unseen) Confusion pair Mean =+ std (across backbones)

horse — cow 0.31 £0.05

car — truck 0.22 £0.05

RGB truck — bus 0.21 £0.05
bicycle — motorcycle 0.19 £0.04

dog — cow 0.18 £0.04

horse — cow 0.25 +0.04

car — truck 0.17+£0.03

RGB-D (Clean) truck — bus 0.15+£0.03
bicycle — motorcycle 0.14+0.03

dog — cow 0.14+0.03

Table 5. Top five unseen-context confusion pairs aggregated across backbones for RGB and RGB-D (no noise). Values report the
mean + sample standard deviation of the confusion probability across ResNet-18, EfficientNet, MobileNet, and ShuffleNet.

help disambiguate these categories. When the depth chan-
nel is replaced with pure noise, this benefit disappears, and
the model again produces incorrect predictions, mirroring
the degradation observed in the depth-quality ablation ex-
periments.

The selected examples are chosen deterministically from
the unseen split by lexicographic filename order, subject
to the condition that the RGB-only model fails while the
RGB-D (no noise) model succeeds. To illustrate that this
behaviour is not specific to a single architecture, predictions
from the compact MobileNet model with clean depth input
are also shown. MobileNet correctly classifies all three ex-
amples, consistent with the cross-backbone trends reported
in the quantitative results.

Together with the confusion-matrix analysis, these ex-
amples provide an interpretable, input-level view of the role
played by pseudo-depth. They illustrate that the observed
robustness gains arise from resolving specific, structured
confusions through geometric information, rather than from
the mere presence of an additional input channel.

A.4. Per-run seen and unseen test accuracies on
NICO++

This subsection reports the full per-run test accuracies for
all NICO++ experiments discussed in the main paper. For
each model and experimental condition (RGB, RGB-D with
clean depth, and RGB-D under varying levels of depth cor-
ruption), we report accuracy on both “seen” (ID) and “un-
seen” (OOD) contexts for each individual run, together with
the mean and sample standard deviation across runs. Ta-
ble 6, 7, 8, 9, and 10 report these results. These tables are
provided to ensure transparency and reproducibility, and to
allow readers to directly inspect the absolute performance
values underlying the aggregate OOD gap metrics reported
in the main text.



MobileNet (RGB-D, no
noise)

Predicted depth (no
noise)

ResNet-18 (RGB) ResNet-18 (RGB-D)

RGB input

No noise: wolf (0.830)
Pure noise: horse (0.790)

Ground truth: wolf (1) Prediction: wolf (0.999957)

Prediction: sheep (0.953)

No noise: truck (0.999) Prediction: truck (0.999381)

Pure noise: bus (0.950)

Ground truth: truck (1)
Prediction: bus (0.900)

No noise: chair (0.954) Prediction: chair (0.999741)

Pure noise: cat (0.579)

Ground truth: chair (1)
Prediction: cat (0.932)

Figure 9. Qualitative input-level examples on unseen contexts (NICO++). Each row shows the RGB input, its predicted (no noise)
depth map, and the corresponding predictions. For ResNet-18, adding clean depth (RGB-D no noise) corrects the RGB-only error in all
three cases, while replacing depth with pure noise removes this benefit. MobileNet (RGB-D, no noise) also predicts the correct class for
all three examples, illustrating that the same qualitative behaviour occurs in a compact architecture. Correct predictions are shown in bold.
Confidence values denote the predicted-class softmax probability.

Table 6. RGB baseline accuracy (in %) on NICO++ (Seen/Unseen contexts). Per-run results are reported for each model, followed by
the mean & sample standard deviation across the three runs.

Model Run 1 Run 2 Run 3 Mean + Std

Seen Unseen Seen Unseen Seen Unseen Seen Unseen
ResNet-18 61.83 51.50 62.08 50.67 62.08 51.83 62.00 £0.14 51.33 +0.60
EfficientNet 61.08 50.83 59.50 49.33 60.92 50.67 60.50 +0.87 50.28 + 0.82
MobileNet 53.75 42.33 51.92 41.17 51.17 41.00 52.28 +1.33 41.50 £ 0.72
ShuffleNet 53.50 42.83 52.50 41.83 53.67 43.00 53.22 +0.63 42.55 £0.63

Table 7. RGB-D (clean depth) accuracy (in %) on NICO++ (Seen/Unseen contexts). Per-run results are reported for each model,
followed by the mean + sample standard deviation across the three runs.

Model Run 1 Run 2 Run 3 Mean + Std

Seen Unseen Seen Unseen Seen Unseen Seen Unseen
ResNet-18 72.50 64.67 71.92 62.17 72.08 65.17 72.17 +0.30 64.00 + 1.61
EfficientNet 71.58 62.83 72.17 63.00 72.17 63.33 71.97 +0.34 63.05 + 0.25
MobileNet 67.42 59.83 67.00 58.67 66.42 57.83 66.95 £ 0.50 58.78 = 1.00
ShuffleNet 63.17 56.83 63.00 54.17 63.92 54.50 63.36 = 0.49 55.17 = 1.45




Table 8. RGB-D accuracy (in %) on NICO++ with low-noise depth corruption (Seen/Unseen contexts). Per-run results are reported
for each model, followed by the mean + sample standard deviation across the three runs.

Model Run 1 Run 2 Run 3 Mean =+ Std

Seen Unseen Seen Unseen Seen Unseen Seen Unseen
ResNet-18 70.92 62.67 73.00 64.00 71.33 60.50 71.75 +£1.10 62.39 £ 1.77
EfficientNet 70.92 62.83 71.67 62.50 72.08 63.17 71.56 £+ 0.59 62.83 +0.34
MobileNet 67.17 57.83 68.25 58.00 67.17 59.00 67.53 £0.62 58.28 +0.63
ShuffleNet 65.25 53.83 65.33 54.17 65.25 53.83 65.28 £ 0.05 53.94 + 0.20

Table 9. RGB-D accuracy (in %) on NICO++ with medium-noise depth corruption (Seen/Unseen contexts). Per-run results are
reported for each model, followed by the mean £ sample standard deviation across the three runs.

Model Run 1 Run 2 Run 3 Mean + Std

Seen Unseen Seen Unseen Seen Unseen Seen Unseen
ResNet-18 72.00 63.00 72.17 63.50 71.67 62.83 71.95 4+ 0.25 63.11 £ 0.35
EfficientNet 71.33 59.83 71.92 62.33 72.25 63.17 71.83 £ 0.47 61.78 = 1.74
MobileNet 67.50 55.67 65.75 56.67 66.00 57.17 66.42 + 0.95 56.50 4+ 0.76
ShuffleNet 63.00 53.67 63.67 54.50 63.08 54.83 63.25 + 0.37 54.33 4+ 0.60

Table 10. RGB-D accuracy (in %) on NICO++ with pure-noise depth input (Seen/Unseen contexts). Per-run results are reported for
each model, followed by the mean + sample standard deviation across the three runs.

Model Run 1 Run 2 Run 3 Mean + Std

Seen Unseen Seen Unseen Seen Unseen Seen Unseen
ResNet-18 61.58 50.17 62.00 51.00 61.17 52.00 61.58 £0.42 51.06 4+ 0.92
EfficientNet 60.58 50.33 62.42 54.33 59.83 49.50 60.94 +£1.33 51.39 + 2.58
MobileNet 51.92 42.50 53.42 41.50 54.08 43.17 53.14 +1.11 42.39 +0.84
ShuffleNet 51.25 44.00 50.67 43.33 51.33 40.83 51.08 £ 0.36 42.72 £ 1.67
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Source Code Example

We show in this Appendix a snippet of the source code. For the full code, see the author’s GitHub
repository. This code implements synchronised data augmentation and loading for RGB-D in-
puts. It ensures that both RGB images and their corresponding depth maps undergo identical random
transformations, such as cropping and flipping, so they remain pixel-aligned.

# Pre-create a RandomResizedCrop object just for parameter sampling
rrc = transforms.RandomResizedCrop (INPUT_SIZE, scale=(0.35,1.0))

## Synchronising RandomResizedCrop

def joint_random_resized_crop(rgb, depth):
i, j, h, w = rrc.get_params(rgb, rrc.scale, rrc.ratio)
rgb_cropped = F.resized_crop(rgb, i, j, h, w, size=(INPUT_SIZE, INPUT_SIZE))
depth_cropped = F.resized_crop(depth, i, j, h, w, size=(INPUT_SIZE, INPUT_SIZE))
return rgb_cropped, depth_cropped

## Synchronising RandomHorizontalFlip
def joint_random_hflip(rgb, depth, p=0.5):
if random.random() < p:
rgb = F.hflip(rgb)
depth = F.hflip(depth)
return rgb, depth

## Putting it all together: a JointTransform class
class JointTrainTransform:
def __init__(self, rgb_train_tf, depth_train_tf, rrc_scale=(0.35,1.0), p_flip=0.5):
self.rgb_tf = rgb_train_tf
self.depth_tf depth_train_tf
self.rrc transforms.RandomResizedCrop (INPUT_SIZE, scale=rrc_scale)
self.p_flip p_flip

def __call__(self, rgb: Image.Image, depth: Image.Image):
# 1) Joint RandomResizedCrop
i, j, h, w = self.rrc.get_params(rgb, self.rrc.scale, self.rrc.ratio)
rgb, depth = (
F.resized_crop(rgb, i,j,h,w, size=(INPUT_SIZE, INPUT_SIZE)),
F.resized_crop(depth, i,j,h,w, size=(INPUT_SIZE, INPUT_SIZE))
)
# 2) Joint RandomHorizontalFlip
if torch.rand(1).item() < self.p_flip:
rgb, depth = F.hflip(rgb), F.hflip(depth)
# 3) Per-modality additional transforms
rgb = self.rgb_tf (rgb)
depth = self.depth_tf (depth)
# 4) Concat
return torch.cat([rgb, depth], dim=0)

# Wrap them into a joint test transform
# This just runs each branch and concatenates - no random ops needed
class JointTestTransform:
def __init__(self, rgb_tf, depth_tf):
self.rgb_tf = rgb_tf
self.depth_tf = depth_tf

def __call__(self, rgb, depth):
rgb = self.rgb_tf (rgb)
depth = self.depth_tf (depth)

return torch.cat([rgb, depth]l, dim=0)

class RGBDDataset (Dataset):
def init__(self, samples, joint_transform, rgb_root, depth_root):

self.samples = samples
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def

def

self. joint_transform = joint_transform
self.rgb_root rgb_root
self.depth_root depth_root

__len__(self):
return len(self.samples)

__getitem__(self, idx):

rgb_path, label = self.samples[idx]

# Correctly compute the path of the RGB file relative to rgb_root
rel_path = os.path.relpath(rgb_path, self.rgb_root)

rel_dir = os.path.dirname(rel_path) # e.g. "autumn/cat"

base = os.path.basename(rel_path) # e.g. "autumn_000136. jpg"
depth_name = f"depth_map_{base}"

depth_path = os.path.join(self.depth_root, rel_dir, depth_name)

rgb = Image.open(rgb_path).convert ("RGB")
depth = Image.open(depth_path).convert("L")
rgbd = self.joint_transform(rgb, depth)

return rgbd, label
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