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An Investigation into Dense Material Segmentation

by Yuwen Heng

The dense material segmentation task aims at recognising the material for every pixel
in daily images. It is beneficial to applications such as robot manipulation and spa-
tial audio synthesis. However, achieving accurate material segmentation for 3-channel
RGB images is challenging due to the considerable variation in the appearance of a ma-
terial. This research aims to design high-performance material segmentation networks
that can achieve an accuracy above 80% and serve real-time inference. In this thesis,
three and a half contributions will be introduced and analysed to accomplish the re-

search objective.

The proposed networks extend the idea of combining material and contextual fea-
tures for material segmentation. Material features describing transparency and texture
can generalise to unseen images regardless of material appearances such as shape and
colour. Contextual features can reduce the segmentation uncertainty by providing ex-
tra global or semi-global information about the image, such as the scene and object

categories.

Contribution A investigates the possibility to leverage contextual features without extra
labels. In particular, the boundaries between different materials are selected as semi-
global contextual information. A self-training approach is adopted to fill in the unla-
belled pixels in the sparsely labelled datasets, and a hybrid network named Context-
Aware Material Segmentation Network (CAM-SegNet) is introduced to extract and

combine the boundary and material features.

Contribution B.1 explores the way to extract material features from cross-resolution
image patches which takes the variation in pixel area covered by each material into
account. The Dynamic Backward Attention Transformer (DBAT) is proposed to explic-
itly gather the intermediate features extracted from cross-resolution patches and merge
them dynamically with predicted attention masks.

Contribution B.2 studies the features that networks learn to make predictions. By
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analysing the cross-resolution features and the attention weights, this study interprets
how the DBAT learns from image patches. The features are further aligned to semantic
labels by performing network dissection, which emphasises that the proposed model
can extract material-related features better than other methods.

Contribution C proposes to segment materials with recovered hyperspectral images
which theoretically offer distinct information for material identification, as variations
in the intensity of electromagnetic radiation reflected by a surface depend on the mate-
rial composition of a scene. The proposed Material Hyperspectral Network (MatSpect-
Net) leverages the principles of colour perception in modern cameras to regularise the
reconstructed hyperspectral images and employs the domain adaptation method to
generalise the hyperspectral reconstruction capability from a spectral recovery dataset
to material segmentation datasets. The reconstructed hyperspectral images are further
filtered using learned response curves and enhanced with human perception (such as
roughness) to learn reliable material features.

The proposed networks are evaluated quantitatively and qualitatively using two open-
access material segmentation datasets. CAM-SegNet demonstrates strong discrimina-
tive ability when trained with material boundaries, enabling it to accurately identify
materials with similar appearances. With cross-resolution patch features, DBAT can
accurately segment materials with varying shapes. It has also been demonstrated to
extract material-related features more proficiently than other networks. The MatSpec-
Net, embraced with the recovered hyperspectral images, yields the best performance
(88.24% in the averaged per-pixel accuracy), and excels at identifying the material un-
der different illumination conditions, particularly with the presence of spotlight reflec-

tion.
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Chapter 1

Introduction

The dense material segmentation task aims to recognise the physical material categories
(e.g. metal, plastic, stone, etc.) for each pixel in the input image. The material cues can
provide critical information to many applications, such as robot manipulation (Zhao
et al., 2020a; Shrivatsav et al., 2019) and spatial audio synthesis (McDonagh et al., 2018;
Kim et al., 2019; Chen et al., 2020a). One example is to teach a robot to perform actions
such as 'cut’ with a tool. This action indicates that the robot should grasp a knife at the
wooden grip and cut with the metal blade (Shrivatsav et al., 2019). For scenarios that
can harm the human body, e.g.nuclear garbage collection, robots need material labels to
put the waste into corresponding bins (Zhao et al., 2017a). Materials can also be used to
estimate the acoustic properties (how sound interacts with surroundings (Delany and
Bazley, 1970)) from physical material categories to synthesise immersive sound with
spatial audio reflections and reverberation (McDonagh et al., 2018; Kim et al., 2019;
Tang et al., 2020). Moreover, physically based rendering (PBR) (Hodari et al., 2019),
which is the technique used to synthesise realistic camera or Light Detection and Rang-
ing (LiDAR) outputs, requires the material optical properties such as surface reflectiv-
ity in many applications, for example, autonomous driving simulation (Eversberg and
Lambrecht, 2021).

One of the main challenges in the dense material segmentation task is that materi-
als could have a variety of appearances, including colour, shape, and transparency
(Fleming, 2014). The appearances vary when viewed in different contexts, such as ob-
jects and places (Schwartz and Nishino, 2020). For example, a metal knife is glossy
under bright lighting conditions, but a rusted metal mirror can be dull. In order to
achieve high accuracy, an ideal network should know all possible combinations; thus,
a large dataset is necessary. However, the similarity between the appearances of differ-
ent materials can make annotation work challenging. Even humans cannot identify a
material precisely from rectangular RGB images, especially when the material is cov-
ered with a coat of paint (Bell et al., 2013a). Consequently, material datasets are often
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contextual features

material features

Kitchen image Wooden cupboard

FIGURE 1.1: The kitchen image with a wooden cupboard.

sparsely labelled regarding the number of images and the integrity of labelled mate-
rial regions. For example, the training set segments in the Local Material Database
(LMD) (Schwartz and Nishino, 2016, 2020) cover only a tiny region of the material, as
shown in the ground truth images in Figure 3.4. The ground truth segments in Open-
Surfaces are visualised and analysed in Appendix A.1.

As suggested by Schwartz and Nishino (2020, 2016), a possible solution is to combine
material and contextual features (Schwartz, 2018; Schwartz and Nishino, 2020, 2016;
Bell et al., 2015b; Heng et al., 2022b). Material features allow the network to identify
the categories despite their varied appearances, and contextual features can limit the
possible categories of materials that appear in a given scene. Taking Figure 1.1 as an
example, given that the picture is taken in a kitchen, then the cupboard is probably
made of wood. Here the kitchen and cupboard provide the contextual information
that semantically describes the scene of the image and the object to which the material
belongs. When zooming in on the cupboard, the tree-grain pattern, which is a unique
texture of wood that humans can name, describes the appearance of the material. In
turn, the generalisable features of wood can be used to infer labels for areas of the

kitchen image that are also made of wood.

Unfortunately, combining material and contextual features remains a challenging task.
Schwartz and Nishino (2020, 2016) proposed a multi-branch network architecture
(Zhang et al., 2020b, 2019b). The network adopts one branch to extract material features
from image patches, and multiple pre-trained branches targeting object segmentation
and scene recognition tasks to extract contextual features. The material and contex-
tual features are concatenated to predict the material labels. They hold the belief that
training a network with small image patches cropped from material regions without
contextual cues can force the network to learn from the visual properties of materials.
Although their work contributed a feasible method to achieve dense material segmen-
tation with a neural network, the network design is still immature. First, the pre-trained
branches that provide contextual features are not fine-tuned together with the material

branch since dedicated material datasets do not contain contextual labels. Second, the
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patch resolution is fixed for all images in a dataset, which does not consider the vary-
ing areas that materials cover within and across images. Finally, it should be noted
that learning material features from image patches is an implicit method that is heav-
ily reliant on the training process and cannot guarantee that the resulting features are
directly related to the material properties.

To elevate the performance of dense material segmentation to an acceptable level (with
an accuracy exceeding 80%), this thesis addresses the aforementioned three challenges
by proposing the design of innovative network architectures that incorporate both ma-
terial and contextual features. The ensuing sections expound on the research contribu-

tions.

1.1 Proposed Methodologies

1.1.1 First PhD stage

During the initial nine months of my PhD research, the challenge of segmenting ma-
terials is explored using contextual features without the need for extra labels and pre-
trained networks. The networks pre-trained on object recognition or scene classifica-
tion are not used in this research since they tend to perform badly on unseen data due
to the misalignment of training data distribution (Song et al., 2019), and the learned
features are not controllable and may not contribute to the material segmentation task
well. Examining the network training process, it becomes evident that there are a lot
of randomnesses that can affect the features learned by a network across multiple runs.
For example, the randomly initialised trainable parameters vary the starting point of
the training. Moreover, factors such as the optimiser, the learning rate scheduler, and
the data feeding order affect the gradient decay path. The network can be converged
to different positions at the parameter space. Consequently, the features that these net-
works learn to make predictions can vary. Moreover, Raghu et al. (2021) quantitatively
show that networks with different architectures can learn different features with the
Centered Kernel Alignment (CKA) matrix (Nguyen et al., 2020; Raghu et al., 2021).
Since it is impossible to fully control the features that a network learns, the contextual
features extracted from pre-trained networks may not be suitable for material segmen-

tation.

Instead of integrating fully untangled material and contextual features, this report
demonstrates that a carefully designed mechanism to combine these features during
training can improve the segmentation performance. As the first step towards a high-
performance material segmentation network, Chapter 3 proposes the CAM-SegNet,
which shares the intermediate features across branches during training. The proposed

CAM-SegNet consists of global, local and composite branches. The global branch is
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responsible for extracting contextual features from the entire image, while the local
branch is designed to learn the material features from image patches. Finally, the
composite branch produces the final predictions from merged features. Chapter 3
demonstrates the efficiency of CAM-SegNet by adjusting the global branch to extract
boundary-related contextual features with the loss function that measures the align-
ment between predicted and ground truth material boundaries (Bokhovkin and Bur-
naev, 2019).

In order to leverage the boundary features for material segmentation, it is essential that
the material regions are densely labelled. However, existing datasets such as LMD are
sparsely labelled where the categories of pixels near the material boundaries are un-
known. Therefore, in section 3.3.3, a self-training approach is adopted to annotate the
unknown pixels with predicted labels. To evaluate the network’s performance, in ad-
dition to the test set, eight more images from the LMD test set are manually labelled
and referred to as the dense LMD (DLMD). The proposed CAM-SegNet achieves an
improvement of 3-20% in averaged Per-Pixel Accuracy (Pixel Acc) and 6-28% in Mean
Intersection over Union (mloU) compared to recently published network architectures
and single-branch approaches in the control group. Moreover, the experiments also in-
dicate that the BCAM-SegNet ensures that accuracy does not decline with the iterative

self-training approach.

The contributions of the first stage were published in the 17th International Conference
on Computer Vision Theory and Applications (VISAPP) at the end of month nine. These
contributions were further extended and included in the Springer book Computer Vi-
sion, Imaging and Computer Graphics Theory and Applications during the summer, which

is part of the Communications in Computer and Information Science series (CCIS).

1.1.2 Second PhD stage

Having shown that sharing the features across branches during training can improve
network performance, in my second PhD stage between month nine and month eigh-
teen, I managed to answer the research question of how to segment materials with
multiple patch resolutions efficiently. When extracting material features, existing net-
works (Schwartz and Nishino, 2020, 2016, 2013) choose to use a fixed patch resolution,
which may not be the best choice for all images. As affected by the camera working dis-
tance d,, and field-of-view (FoV), the areas that materials cover vary within and across
images. Ideally, small patch resolution should be applied to the boundary region to
separate mutually enmeshed materials, and large patch resolution can be used to cover
as much information as possible for the region belonging to a single material. More-
over, since multi-branch networks can introduce inevitable overheads leading to low
frame rates as well as unacceptable training times, the networks should be simplified

for real-time inference.
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Instead of searching for a fixed patch resolution, a simple yet effective single-branch
transformer architecture called DBAT is devised in Chapter 4 to aggregate cross-resolution
patch features. Inspired by the hierarchical architecture of Swin transformer (Liu et al.,
2021b), which gradually merges image patches to get a global view, Section 4.3.1 pro-
poses a Dynamic Backward Attention (DBA) module to aggregate the intermediate
features extracted from image patches with different resolutions. Concretely, a trans-
former feature map from a shallow layer contains features extracted from local patches
(Raghu et al., 2021), especially when using window-based self-attention. The proposed
DBAT aggregates multiple intermediate feature maps to identify the materials with
cross-resolution patch features since the patch resolution varies with the depth of the
layer. To cope with the flexibility of d,, and FoV, a set of pixel-wise attention masks,
which represent the dependency on each patch resolution, are applied in the DBA mod-
ule to dynamically aggregate the feature maps. These masks are calculated from the
deepest feature map (Mapy in Figure 4.2) since it holds a relatively global perspective
of the input image. Before feeding the aggregated feature into the decoder, Section 4.3.2
further proposes a feature merging module which ensures the aggregated feature can

learn complementary features through an attention-based residual connection.

The effectiveness of the proposed DBAT is examined through a comparison with re-
cently published segmentation networks that can achieve real-time performance (at
least 24 frames per second). The DBAT reaches a median Pixel Acc of 86.85% on the
LMD, which is 21.21% higher than the CAM-SegNet trained in Chapter 3 and outper-
forms the second-best model evaluated in Chapter 4 by 2.15%. The DBAT was pub-
lished at the 33rd British Machine Vision Conference (BMVC).

However, similar to other network-based methods, the DBAT faces challenges in terms
of interpretability. Ascertaining whether the network genuinely acquires material fea-
tures through numerical evaluation or segmentation visualisation is a complex task.
Therefore, during the summer of my second PhD stage, I further endeavour to inter-
pret the network behaviour of the DBAT in Chapter 5, using statistical and visual tools
such as calculating the attention equivalent patch size, visualising attention masks, and
assessing the CKA heatmap (Nguyen et al., 2020; Raghu et al., 2021). In order to inter-
pret the features with human-readable concepts, the network dissection method (Zhou
etal., 2018; Bau et al., 2017, 2019, 2020) is also employed to identify the features learned
by the network by aligning layer neurons with semantic concepts. By analysing the
semantic concepts of the extracted features, Chapter 5 illustrates that the DBAT excels
in extracting material-related features, such as texture, which is an essential property
for distinguishing between various materials. By comparing the semantic concepts of
features extracted by other networks trained with either material or object datasets, the
results also indicate that the network architecture can influence the extracted features,
and the patch-based design is indeed effective in compelling the networks to segment

images based on material features.
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The contributions of DBAT, along with its interpretability, were submitted to the IEEE
Transactions on Image Processing in my third PhD stage, and the journal paper is cur-
rently under review. The application of DBAT in immersive sound rendering has been
accepted by the 30th IEEE Conference on Virtual Reality and 3D User Interfaces (VRW) as
a poster.

1.1.3 Third PhD stage

During months eighteen to twenty-seven of my third PhD stage, my research focus
shifted from investigating material features in RGB images to hyperspectral images.
The research question addressed during this stage was how to explicitly learn reliable
material features. Although recent studies and the outcomes from my first two PhD re-
search stages show that it is possible to achieve acceptable performance with annotated
RGB datasets (Heng et al., 2022b,a; Schwartz, 2018; Schwartz and Nishino, 2020; Bell
et al., 2015a), the networks are learning material features implicitly. In the meantime,
the experiment in (Liang et al., 2022; Mao et al., 2022) shows that additional measure-
ments of light such as near infra-red (NIR) and laser beam reflection can distinguish
materials more robustly. The theory is that the spectral profile of reflected electro-
magnetic waves, which is an explicit measurement of material property, is unique to
various materials (Saragadam and Sankaranarayanan, 2020; Lichtman and Conchello,
2005; Colthup et al., 1990). Since spectral cameras (Behmann et al., 2018) can capture
the spectral profile of surface materials, it is feasible to use the hyperspectral images
they produce for material segmentation.

While hyperspectral imaging has been widely used in geoscience and remote sensing
(Zhong et al., 2016; Kalman and Bassett III, 1997; Li et al., 2022b; Xue et al., 2021; Mehta
et al., 2021; Liu et al., 2019a) over twenty years, the cost of collecting hyperspectral im-
ages hinders its widespread adoption in material segmentation for daily scenes (Stuart
et al., 2022). A spectral camera can take a long acquisition time to scan a megapixel hy-
perspectral image with sufficient signal-noise ratio since the same amount of light has
to be sampled at hundreds of wavelength bands (Behmann et al., 2018; Zhang et al.,
2019a). This problem necessitates concessions in image spatial and spectral resolution.
In addition, the ambient light should be able to cover the entire operating spectrum
range, so the spectral camera should be used under daylight or halogen-based illumi-
nation. Before taking the hyperspectral images, the camera has to be calibrated with
the measurement of black and white reference samples to analyse the material reliably
(Behmann et al., 2018; Shaikh et al., 2021). The stringent lighting requirements further
restrict the application of hyperspectral images in indoor and motion scenes.

In order to make spectral information more accessible for computer vision applications,
researchers have been working on recovering spectral information from more easily ob-

tainable data sources, such as RGB images (Arad et al., 2022). Over the past three years,
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several methods (Li et al., 2020; Hu et al., 2022; Cai et al., 2022c) have successfully im-
proved the quality of reconstructed hyperspectral images. However, it remains unclear
how these methods generalise to images captured by different camera models, as this
aspect has not been explicitly investigated. In consideration of this problem, Chapter
6 proposes a novel MatSpectNet to enhance the quality of recovered hyperspectral im-
ages on material datasets lacking RGB-hyperspectral image pairs. Figure 6.1 shows that
the proposed MatSpectNet consists of two main sections. The network first learns to
recover the hyperspectral images with the physical model of the camera, which serves
as a constraint to ensure that the hyperspectral images preserve their physical property.
Then the recovered hyperspectral images are processed with a multi-layer perceptron

(MLP) to learn the material features from the spectral information at each pixel.

To understand the proposed approach, it would be useful to delve into image theory
first. An image is the quantitative measurement of the radiation from an illumination
source or reflected by scene elements. Similar to the human perception system, the RGB
camera measures the radiance of the visible spectrum with red, green and blue spec-
tral response functions that accumulate the electromagnetic radiation from 380 to 720
nanometers and produce the raw-RGB values for each pixel (Magnusson et al., 2020).
The raw-RGB image is further processed with in-camera non-linear transformations in-
cluding brightness adjustment and gamma correction to produce the final SRGB image,

which is the format used in image datasets.

The proposed MatSpectNet model incorporates the physical relationship between hy-
perspectral and RGB images based on the image theory to regularise the colour metamerism,
which states the many-to-one mappings from hyperspectral to RGB images. Specif-
ically, Chapter 6 exploits the fact that recovered hyperspectral images can be trans-
formed into the original RGB counterparts through known spectral response functions
and in-camera processing. This physical constraint is a key feature of the model and
enables it to make reliable material predictions based on the recovered hyperspectral

images.

However, for open-access material segmentation datasets such as LMD (Schwartz and
Nishino, 2020) and OpenSurfaces (Bell et al., 2013a), the spectral response functions
and in-camera image-processing pipeline are unknown. To bring hyperspectral images
to the material segmentation task, the MatSpectNet models the physical camera with
the sRGB transformation network R(%) that contains trainable components to adjust
the unknown parameters of the camera model. As illustrated in Figure 6.1, given an
sRGB image x, the MatSpectNet optimises that R(S(x)) = x where S(x) is the spectral
recovery network that recovers hyperspectral images from sSRGB ones. In practice, S(x)
is pre-trained on the ARAD_1K dataset (Arad et al., 2022) and fine-tuned together with
material datasets. To align the data distribution, the idea of domain adaptation is used
during training (Wu et al., 2021).
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The recovered hyperspectral images are further processed with learned spectral re-
sponse filters followed by a MLP to extract per-pixel material features. The spectral re-
sponse filter is similar to the RGB spectral response functions in the mechanism, which
aggregates the spectral information based on the sensitivity to the spectrum at each
wavelength. The per-pixel material features are then tagged with the surface proper-
ties such as specularity and roughness queried from the most similar spectral measure-
ment in the spectraldb dataset (Jakubiec, 2022), which serves as a piece of additional
evidence to identify the materials.

The proposed network, MatSpectNet, outperforms existing models in the material seg-
mentation task. With a Pixel Acc of 88.24% and a Mean Acc of 83.82%, the network
shows an improvement of 1.60%/3.42% over the DBAT. Notably, MatSpectNet is par-
ticularly adept at recognising material categories that have limited samples, even un-
der varying light conditions such as spotlight reflection. These results are supported
by per-category performance metrics and visualised segmentation results.

The contributions of MatSpectNet have been submitted to 2024 Association for the Ad-
vancement of Artificial Intelligence (AAAI) Conference on Artificial Intelligence and the con-
ference paper is still under review by the submission of this thesis.

1.2 Overview of Thesis Structure

The next chapter, Chapter 2 presents a comprehensive background study on the datasets,
methods and techniques employed in the thesis, including material segmentation datasets,
deep learning architectures, optimisation algorithms, evaluation metrics and network
interpretability methods. The chapter also discusses the challenges and limitations of
existing approaches in material segmentation in each subsections, and highlights the
gaps in the current literature that the thesis aims to address. Additionally, Chapter 2
introduces some methods including PBR that are potentially useful but not utilised in
this research. The characteristics of these methods are discussed and they can be saved
for future research.

Chapter 3 introduces the first proposed network design, the CAM-SegNet, which com-
bines contextual and material features to improve segmentation accuracy. Chapter
4 presents the second proposed network design, the DBAT, which leverages cross-
resolution patch features to improve segmentation performance. Chapter 5 discusses
the interpretability of the DBAT, and how it can aid in material analysis and under-
standing. Chapter 6 presents MatSpectNet, a novel architecture designed for material
segmentation that incorporates the material optical properties from recovered hyper-

spectral images.
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These chapters provide detailed descriptions of the network architectures, the training
procedures, and the evaluation results on various datasets. These chapters also com-
pare the performance of proposed networks with state-of-the-art (SOTA) methods in
the literature, and discuss the advantages and limitations of the proposed approach.

Finally, Chapter 7 concludes this thesis with a comprehensive summary of the main
contributions and findings. The proposed methods have demonstrated their effective-
ness in the material segmentation task. Specifically, CAM-SegNet combines contex-
tual and material features for accurate material segmentation without extra labels or
pre-trained networks. DBAT enables cross-resolution feature extraction from image
patches, and its interpretability supports network design intuition. Lastly, MatSpecNet
is capable of estimating material categories by explicitly recovering material optical
properties. Moreover, Chapter 7 discusses the limitations and future directions of the
proposed methods, and suggests potential research directions in material segmenta-

tion.

1.3 Contributions

The main contributions are summarised in the following subsections for each year.

1.3.1 First Year: CAM-SegNet

* Hybrid Network Architecture. Instead of relying on pre-trained networks to pro-
vide contextual features, the proposed hybrid network CAM-SegNet combines
extracted boundary features with material features so that no extra labels are
needed and the contextual features can be trained together with material features.

* Self-training Approach. To provide boundary features for the CAM-SegNet, the
sparsely labelled material segmentation dataset is annotated with predicted la-

bels, following the procedure of the self-training approach.

1.3.2 Second Year: DBAT

* Dynamic Backward Attention Transformer. An effective module enhances material
features by dynamically adjusting the dependency on cross-resolution patch fea-
tures.

* Feature Merging Module. This module is composed of the attention mechanism
and residual connection to guide the aggregation of cross-resolution patch fea-
tures.
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* Network interpretability. The network behaviour of DBAT is illustrated through a
batch of methods including descriptive statistics as well as visualised images. In
addition, the learned features are analysed with semantic labels to support the
design intuition through network dissection (Bau et al., 2020).

1.3.3 Third Year: MatSpecNet

 Physically-Constrained Spectral Recovery. Based on the theory that sSRGB values can
be obtained from hyperspectral images with known spectral response functions
and in-camera processing, the spectral recovery network is regulated with a train-
able sRGB transformation.

* Domain-Aware Network Training. To leverage the spectral recovery dataset for
material segmentation, the domain adaptation is used to alleviate data distri-
bution discrepancy between spectral recovery and material datasets. Moreover,
domain-specific spectral response functions and image-processing pipelines are

constructed.

e Interpretable Hyperspectral Processing. The learned spectral filters aggregate the
spectra across the bandwidth and infer the electromagnetic frequency that con-

tributes to material segmentation most.

* Multi-Modal Fused Material Segmentation. The filtered per-pixel spectra and queried
surface properties are fused together to make the material prediction from both
spectral measurements as well as other empirical observations such as surface
roughness (Jain et al., 2013; Jakubiec, 2016; Jones and Reinhart, 2017; Lucas et al.,
2014).

1.4 Publications

The contributions that are published or under review at peer-reviewed conferences and
journals are listed in the following subsections.

1.4.1 Accepted as First Author

1. Yuwen Heng, Srinandan Dasmahapatra, and Hansung Kim. Material recognition
for immersive interactions in virtual/augmented reality. In 2023 IEEE Conference
on Virtual Reality and 3D User Interfaces Abstracts and Workshops (VRW), pages 577-
578, 2023.
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2. Yuwen Heng, Yihong Wu, Srinandan Dasmahapatra, and Hansung Kim. En-
hancing material features using dynamic backward attention on cross-resolution
patches. In 33rd British Machine Vision Conference 2022, BMVC 2022, London, UK,
November 21-24, 2022. BMVA Press, 2022a

3. Yuwen Heng, Yihong Wu, Srinandan Dasmahapatra, and Hansung Kim. Cam-
segnet: A context-aware dense material segmentation network for sparsely la-
belled datasets. In Proceedings of the 17th International Joint Conference on Computer
Vision, Imaging and Computer Graphics Theory and Applications (VISIGRAPP 2022)
- Volume 5: VISAPP, pages 190-201. INSTICC, SciTePress, 2022b. ISBN 978-989-
758-555-5.

1.4.2 Accepted as Coauthor

1. Yihong Wu, Yuwen Heng, Mahesan Niranjan, and Hansung Kim. Depth esti-
mation for a single omnidirectional image with reversed-gradient warming-up
thresholds discriminator. In 2023 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), 2023

2. Mona Alawadh, Yihong Wu, Yuwen Heng, Luca Remaggi, Mahesan Niranjan,
and Hansung Kim. Room acoustic properties estimation from a single 360° photo.
In 2022 30th European Signal Processing Conference (EUSIPCO), pages 857-861, 2022.

3. Yihong Wu, Yuwen Heng, Mahesan Niranjan, and Hansung Kim. Depth estima-
tion from a single omnidirectional image using domain adaptation. In European
Conference on Visual Media Production (CVMP), pages 1-9, 2021

1.4.3 Under Review

1. IEEE Transactions on Image Processing: Chapter 4 and Chapter 5 are merged to-
gether as a journal paper which has been submitted for review.

2. AAAI Conference on Artificial Intelligence: Chapter 6 has been submitted to AAAI
2024 for review.

3. Computer Vision, Imaging and Computer Graphics Theory and Applications: Chapter 3
has been extended and submitted to CCIS book series for review. It has been ap-
proved in the preliminary analysis and forwarded to the chairs for final decision.
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Chapter 2

Literature Review

This chapter starts with an overview of material datasets and their characteristics.
Then, popular deep learning based segmentation networks for material segmentation
are introduced. Furthermore, methods for interpreting and analysing the behaviour
of these networks are discussed. In addition, this chapter covers the essential knowl-
edge of material features and hyperspectral images, which are crucial for developing
reliable material segmentation models. Finally, data synthesis methods for generating
synthetic training data to enhance network performance are briefly reviewed. Over-
all, this chapter provides a comprehensive understanding of the techniques in material

segmentation and their associated methodologies.

2.1 Material Segmentation Datasets

In the computer vision domain, the material can be considered as an additional prop-
erty that provides valuable clues for identifying an object. Therefore, researchers have
chosen to add material segments to existing object datasets. For instance, Farhadi et al.
(2009) enhanced the Pascal dataset! (Everingham et al., 2005), Zheng et al. (2014) ex-
tended the NYU dataset? (Silberman et al., 2012), both with eight material attributes.
These material attributes include both material categories and material traits. For ex-
ample, the attributed Pascal dataset contains four material categories, such as 'metal’
and 'plastic’, and four material traits, such as 'furry’ and 'shiny'. Although their work
initiated the research on material segmentation, the limited number of material cate-
gories is insufficient for applications that require dense material segmentation, such as

room acoustic rendering (Kim et al., 2019).

1h’c’cps: / /vision.cs.uiuc.edu/attributes/
Zhttps:/ /kylezheng.org /research-projects /densesegattobj/
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In order to meet the requirements of a dedicated material segmentation dataset, Bell
et al. (2013b) created OpenSurfaces®. This is the first large-scale, high-resolution mate-
rial dataset, which contains more than one hundred thousand segments belonging to
45 categories. However, the dataset is highly unbalanced, with some categories, such
as 'sponge’, containing only a few samples. In subsequent work, Bell et al. (2015b)
extended OpenSurfaces with additional image samples in the unbalanced categories
and then organised the dataset into 23 mutually exclusive material categories. This
new dataset is named Material in Context (MINC*). However, the training set of MINC
only contains labelled pixels instead of segments, making it non-trivial to train a neural
network end-to-end.

Recently, Schwartz and Nishino (2020) released the LMD?, which contains 5,845 im-
ages with material segments that each cover a single category. This dataset is further
extended with material traits such as soft and fuzzy (Schwartz and Nishino, 2019). The
authors carefully chose 16 material categories without controversial ones such as 'car-
pet' and 'sky' in OpenSurfaces and MINC. The well-annotated segments and dedicated
material categories make LMD the most suitable material dataset for effective deep
learning methods. The drawback is that this dataset is coarsely labelled. First of all,
the number of samples is insufficient since LMD is very diverse in terms of material
categories and scenes. Second, the ground truth segments may not cover all pixels be-
longing to the same category, as shown in Figure 3.4. Accordingly, it is difficult for
networks to recognise the materials precisely, especially for pixels near the boundary.
Despite its drawbacks, LMD remains the most suitable dataset for material segmenta-
tion tasks, particularly for indoor applications. As such, the experiments in this thesis

focus on evaluating the proposed networks using LMD as the preferred dataset.

In the year 2022, Liang et al. (2022) released the MultiModal Material Segmentation
dataset (MCubeS®), which captures the visual appearance of materials in daily outdoor
scenes from the viewpoint of self-driving scenarios. This dataset uses three different
imaging modalities: RGB, polarization, and NIR, and it contains 500 sets of multi-
modal images capturing 42 street scenes. The images are densely annotated based on
20 distinct categories, including ground truth material segmentation categories such
as plastic and fabric, and semantic segmentation categories such as leaf and human
body. Cai et al. (2022a) annotated the well-established KITTI dataset densely with 20
material categories and published the KITTI-Materials dataset’. This dataset contains
1,000 images collected from 24 driving scenes. Although the MCubeS dataset provides
a valuable resource for researchers to develop and evaluate multimodal material seg-
mentation methods for outdoor scenes, the KITTI-Materials dataset can be combined

3http:/ / opensurfaces.cs.cornell.edu/

4http:/ / opensurfaces.cs.cornell.edu/publications /minc/
Shttps:/ /vision.ist.i.kyoto-u.ac.jp /codeanddata/localmatdb/
®https:/ /vision.ist.i.kyoto-u.ac.jp/research/mcubes /
https:/ /vision.ist.i.kyoto-u.ac.jp/research/rgbrms/
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with KITTI to provide both material and object labels, my research focuses on indoor
applications, especially immersive sound rendering, and therefore these two datasets
are not evaluated in this thesis.

2.2 Introduction to Neural Networks for Segmentation Tasks

Before stepping into the material segmentation task, this section introduces the fun-
damental concepts of neural networks and the networks dedicated to segmentation
tasks. In particular, the Fully Convolutional Network (FCN) (Long et al., 2015) will be
introduced. FCN was originally proposed as a network architecture for segmentation
tasks, capable of handling images of any resolution. It has since been widely adopted
in recent advancements (Mo et al., 2022) and extended to various segmentation archi-
tectures. The importance of this network topology is particularly evident when dealing
with datasets such as LMD, which contains images gathered from various sources with
a wide range of resolutions. By providing an overview of these concepts, this section

will provide a solid foundation for understanding the material segmentation networks.

2.2.1 Foundations of Neural Networks

From the perspective of mathematics, a basic neural network such as AlexNet (Krizhevsky
et al., 2017) can be considered as a series of matrix multiplication (one matrix is the in-
put image or last layer feature map, the other one is the network kernel) followed by
non-linear transformations (Liu et al., 2019b) such as the rectified linear unit (Agarap,
2018). The mathematical operation that takes a set of inputs, performs a computation
on them, and produces an output is called a neuron in neural networks. It is modelled
after the structure and function of a biological neuron in the brain (Lin, 2017). These op-
erations are applied to the input data in a hierarchical manner, constructing a complex
non-linear mapping fp(x) = i that links input x to its predicted label §. During train-
ing, the network parameters 6 are adjusted in a certain way to minimize the average
loss I(y, 7). The loss function measures the difference between j) and its corresponding
ground-truth label y for all training samples in a dataset. The convolutional (Conv) ker-
nel is the most important network kernel widely used to process images and achieve
dense segmentation. The Conv kernel operates by convolving (the operation is the sum
of the Hadamard product, also known as the element-wise product, represented as ® in
this thesis) a small filter over the input image, producing a set of feature maps that cap-
ture local patterns and correlations between neighbouring pixels. The size, stride, and
padding of the Conv kernel can be tuned to control the receptive field of the network
and its spatial resolution. Convolutional neural networks (CNNSs) leverage the power
of Conv kernels to extract hierarchical representations of visual features, allowing them
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to learn complex and abstract image representations that are critical for various image

analysis tasks, including recognition, detection, and segmentation.

2.2.2 Network Architectures for Segmentation Tasks

Networks designed for image classification tasks downsample and flatten the resolu-
tion of feature maps to obtain a reasonable label (Krizhevsky et al., 2017; Huang et al.,
2017; He et al., 2016). These networks are referred to as encoders since they produce
a highly compressed and abstract description of the image. However, networks de-
signed for segmentation tasks need to produce labels for every pixel in the input im-
age, whereas encoders can only generate a single label description for the entire input
image. Moreover, the network kernel used to predict the label is the Fully Connected
(FC) kernel (Basha et al., 2020), where each neuron is connected to every neuron in the
previous layer. As a consequence, the network can only work with a pre-defined image
resolution. In consideration of this problem, Long et al. (2015) proposed the first FCN
architecture trained end-to-end to achieve dense segmentation. They first train a clas-
sification network to identify the category of the central pixel of an image patch, then
replace the FC kernel with a Conv kernel of size 1 x 1. This allows the network to work
with the original images instead of patches and generate an output mask accordingly.
In the material segmentation realm, Bell et al. (2015a), who proposed the material seg-
mentation dataset MINC, adopts the idea of FCN as an early attempt to solve the dense

material segmentation task.

The output mask of FCN is then upsampled to generate a segmentation mask that
matches the resolution of the input image (Badrinarayanan et al., 2017). This process is
known as a decoder in segmentation tasks, which is necessary to ensure that the seg-
mentation predictions are precise and aligned with the input image spatial coordinates.
The upsampling can be done using different methods, such as transposed convolution
(Im et al., 2019), bilinear interpolation (Smith, 1981), or nearest-neighbour interpola-
tion (Han, 2013). The choice of method can affect the quality of the segmentation map
and the computational cost of the network. Therefore, selecting the appropriate up-
sampling method is a crucial factor in designing efficient and accurate segmentation
networks.

Ronneberger et al. (2015) further improved this architecture to a more elegant U-shaped
network (U-Net), which contains a downsampling encoder to extract features, and an
upsampling decoder to recover the shape and make predictions. The U-Net also con-
tains skip-connections that copy and paste extracted features from the encoder, which
may ease the optimisation problem (Liu et al., 2020). This U-Net architecture won the
2015 ISBI neuronal structures segmentation challenge. Since then, the encoder-encoder
FCN architecture and its successors tend to dominate 2D and 3D segmentation chal-
lenges, such as the Cityscapes task (Ghiasi and Fowlkes, 2016; Chen et al., 2018; Tao
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et al., 2020) and the SemanticKITTI benchmark (Milioto et al., 2019; Zhu et al., 2020).
They show that networks following the FCN design topology can make dense seg-
mentation predictions with high accuracy as well as good segment boundaries. The
proposed networks in this thesis also follow this encoder-decoder FCN architecture.

2.2.3 Material Segmentation Networks

Recent achievements using datasets mentioned in Section 2.1 are also based on the FCN
architecture. Since every dataset has its flaws, extra processes are necessary to segment
images densely. For MINC that contains only pixel label (Bell et al., 2015b), a classifier is
trained to recognise the central point of the image patch, which covers about 5% 8 of the
area of the whole image. After that, the FC kernel is replaced with an equivalent Conv
kernel (Long et al., 2015) and the global pooling layer is removed to work as a sliding-
window segmentation network. Finally, the nearest-neighbour interpolation operation
upsamples the predicted segments to the same size as the input images. Although their
best attempt achieved an accuracy of 79.8%, more advanced segmentation network
structures with trainable decoders are not suitable for the MINC since its training set

contains no labelled segments.

For LMD, since the training set contains single-material segments, it is possible to
achieve dense material segmentation with an end-to-end segmentation network. Schwartz
and Nishino (2013) claimed that for the material segmentation task, it is better to train a
network with cropped image patches (without contextual cues about object and scene)
to force the network to focus on the generalisable material features. Schwartz and
Nishino (2016) then discovered that integrating contextual information can reduce the
uncertainty in identifying materials. They proposed a network which takes 48 x 48
image patches as input and concatenates contextual features before the final layer. The
contextual features are extracted from two parallel network branches, pre-trained on
the ADE20K® (Zhou et al., 2017) and the SUN' (Xiao et al., 2010, 2016) separately.
While their method showed improvement in segmentation performance, it has the
drawback of running three branches simultaneously, which incurs unacceptable com-
puting resources, especially for real-time applications. Additionally, since the contex-
tual branches are not fine-tuned with LMD, they may not be able to extract high-quality
contextual features. Furthermore, the fixed patch resolution does not account for the
varying material area, limiting its effectiveness. This thesis aims to address the afore-
mentioned limitations by proposing two novel networks: CAM-SegNet and DBAT.
CAM-SegNet learns contextual and material features coherently during training, and

DBAT learns material features from cross-resolution image patches.

8The patch size is 23.3% of the smaller image dimension and can cover up to 5.29% of the area of the
image

https:/ / groups.csail.mit.edu/vision/datasets/ ADE20K /

Ohttps:/ /vision.princeton.edu/projects /2010 /SUN/
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Although the patch training method is designed to extract material features, what fea-
tures networks learn to achieve high accuracy remains a mystery. Recently, Geirhos
et al. (2019) proved that neural networks tend to depend on texture instead of shape
in object recognition tasks when trained with full-size images. Since the texture is a
vital material feature, it is possible to design a network that captures both material
and contextual features without a dedicated material branch. Zhao et al. (2017a, 2020a)
proposed a network to learn from MINC test set, which contains about two thousand
segmented images. Their experiments indicate that a single-branch network can work
well for material segmentation if the dataset has well-annotated segments. However,
the MINC test set they used is insufficient to give reliable conclusions. Therefore, the
proposed methods in this thesis are evaluated with LMD and Opensurfaces since these
two datasets have more high-quality segments than MINC test set. In particular, the
single-branch network DBAT introduced in Chapter 4 utilises transfer training (Torrey
and Shavlik, 2010) to incorporate contextual features. The encoder is first trained with
the object classification task, and then transferred to the material segmentation task

with a randomly initialised decoder.

The presented publications have provided sufficient foundational knowledge to com-
mence the research study in material segmentation. Moreover, limitations and chal-
lenges of the published material segmentation models have been identified, such as
the computational cost of parallel branches and fixed patch resolution. These insights
will provide valuable guidance for the research study to address these limitations and
propose innovative solutions. Some of the training strategies discussed above utilised
the Conditional Random Field (CRF) to refine the segmentation result to get a clear
boundary between different materials. This thesis will introduce CRF further in Sec-
tion 2.3.1.

While conducting the research, it is important to consider and take into account the con-
current contributions made by other research teams such as MCubeSNet (Liang et al.,
2022) and RMSNet (Cai et al., 2022a). Similar to the research in this thesis, MCubeSNet
also focused on establishing new network architectures to improve segmentation accu-
racy, though they are interested in integrating different imaging modalities by design-
ing a new decoder and this research is intended to investigate new encoders to learn
material-related features from RGB images. The Region-Guided Filter Selection (RGFS)
is a key component of the MCubeSNet decoder, which learns and selects the features
learned from different modalities based on a guidance field to produce the final ma-
terial segmentation so that different materials integrate those imaging modalities in a
way most relevant to identify them correctly. The guidance field is a semantic segmen-
tation mask that identifies the region of each object, generated by training a segmenta-
tion network using RGB images and annotated masks from CityScapes (Cordts et al.,
2016). The concept is based on the premise that the occurrence of materials and object
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instances are strongly correlated, which also supports the design of combining contex-
tual and material features. Regarding the RMSNet (Cai et al., 2022a), it is important to
note that this work is an independent and concurrent effort in comparison to my DBAT
approach. Both methodologies share a common goal of integrating multi-level features
with transformers for material segmentation. However, there are distinct differences
in the specific objectives of each approach. The RMSNet approach aims to combine
material and contextual cues, leveraging their complementary nature to enhance mate-
rial segmentation performance. In contrast, the primary focus of DBAT, my proposed
method, lies in aggregating cross-resolution patch features. This approach enables the
effective integration of information from patches of varying resolutions, facilitating ac-

curate and comprehensive material segmentation with varying material areas.

2.2.4 Global and Local Networks

Global and local network architecture provides an approach to combine features ex-
tracted from full-size images by the global branch and image patches by the local
branch. Chen et al. (2019) adopted this approach to preserve local details when pro-
cessing downsampled images. Due to the memory bottleneck when processing high-
resolution patches, they split these patches into multiple batches and gather the full
feature maps with several forward steps. This method makes the feature combining
process complicated and costs more training time. To reduce the training time, Zhang
et al. (2020b) reduced trainable parameters by sharing the weights between local and
global branches. Wu et al. (2020) alleviated the training burden by proposing only
critical patches to refine the global segmentation. Likewise, Iodice and Mikolajczyk
(2020) proposed to crop the extracted global feature maps into equal blocks as the lo-
cal features. As for the dense material segmentation task, the CAM-SegNet adopts
this architecture to compensate for the lost features when training with a single branch
alone. According to Schwartz (2018), the network trained with original images tends
to ignore material features, while the network trained with patches drops contextual
cues. Moreover, LMD contains no high-resolution images so that the CAM-SegNet can
jointly train the global and local branches in an end-to-end manner without a severe

training burden.

2.2.5 Multiscale Networks

The multiscale network is a neural network architecture designed to process an input
image at multiple scales. It typically consists of several parallel kernels or network
branches, each of which extracts features from the input image at a different scale. For
instance, some popular multiscale networks include the Pyramid Scene Parsing Net-
work (PSPNet) (Zhao et al., 2017b), which uses pooling layers of multiple kernel sizes
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FIGURE 2.1: The network architecture comparison between global-local network and
multiscale network.

to produce feature maps of varying scales; DeepLabV3+ (Chen et al., 2018), which em-
ploys dilated Conv kernels of different dilation spacing to increase the receptive field;
and the Bilateral Segmentation Network (BiSeNetV2) (Yu et al., 2021a), which com-
prises two pathways with different downsample rates. The output of each kernel or
branch is combined to generate a final prediction. Multiscale networks are commonly
used in computer vision tasks as they allow the network to capture both fine-grained

details and global context information.

Although multiscale networks may sound similar to global and local networks, they
are in fact different types of network architectures. As shown in Figure 2.1, one key dif-
ference is that global and local networks are designed to combine features learned from
both image patches and the full-size image, whereas multiscale networks are intended
to learn features at different scales from the full-size image. Multiscale networks can be
used as the global branch in a global and local network. In fact, the proposed methods
in this thesis choose the Feature Pyramid Network (FPN) (Lin et al., 2017a) as the de-
coder to gradually upsample the resolution with the intermediate multiscale features

extracted by the encoder through lateral connections.

2.3 Boundary Refinement

For the dense material segmentation task, the network-based methods may not predict
the pixels near the boundary accurately due to the lack of training labels to refine the
boundary quality (Schwartz and Nishino, 2016). One possible solution is to use the CRF
appended to the output of the segmentation network (Section 2.2) to refine the segmen-
tation quality. Another possible way to refine the boundary is to use the boundary loss
(Bokhovkin and Burnaev, 2019), which measures the proportion of overlapping bound-
ary pixels between ground truth and predicted segments. This section will provide a
detailed introduction to the theory of these two methods.
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2.3.1 Conditional Random Fields

CREF is a powerful tool to predict labels with the knowledge of neighbouring pixels
(Sutton and McCallum, 2006). For the image segmentation task, CRF optimises two
penalties: the single pixel prediction should be the same as ground truth label (also
known as the unary term), and the assumption that adjacent pixels should have the
same class label (the pairwise term, as shown in Equation 2.1). Here # is the predicted
label for a pixel, wy, is the weight of this pairwise term in the loss function, J is the Potts
label compatibility function. § = 1if §; # y; else 0. k is the unit Gaussian kernel, which
measures the difference between f; and f;, where f is decided by the pixel position and
raw pixel value in the original image.

Wi (0, ;) = wpd (Vi # yj)k(fi — £;) (2.1)

The research of CRF focuses on how to decide that two pixels are neighbours and
should be classified as the same category. Krdhenbiihl and Koltun (2013) proposed
the well-known dense-CRF, which assumes that a pixel is adjacent to all other pix-
els. Although dense-CRF is powerful for material segmentation (Bell et al., 2015b), the
parameters cannot be optimised together with the network. Moreover, tuning the pa-
rameters manually can be a time-consuming task. According to the supplemental code
in (Bell et al., 2015b), the CRF refined predictions are sensitive to the parameter choices.
To cope with the problem, Zheng et al. (2015) implemented the dense-CRF model as a
recurrent neural network (CRFasRNN) so that the CRF parameters can be optimised
together with the network. However, it is difficult to accelerate the training process of
the CRFasRNN with GPU (Teichmann and Cipolla, 2019).

To speed up the training, this thesis evaluates two GPU-trainable CRF variants, the
Convolutional CRF (Conv-CRF) (Teichmann and Cipolla, 2019) and the Pixel-adaptive
Convolutional CRF (PAC-CRF) (Su et al., 2019). The Teichmann and Cipolla (2019)
managed to implement a GPU trainable Conv-CRE, with the locality assumption that
the pairwise term (Equation 2.1) is zero if the same Conv kernel does not cover the two
pixels at the same time. They proved that the Conv-CRF segmentation performance
is still comparable with the dense-CRF with the local assumption. At the same time,
Su et al. (2019) proposed another GPU-trainable PAC-CRFE. The PAC-CRF obeys the
locality assumption and considers long-range dependency with the dilated kernel. Al-
though PAC-CRF can predict segments more accurately compared with Conv-CRF (Su
etal., 2019), it consumes more memory and requires longer computing time. For CAM-
SegNet, the evaluation of both of these two CRF methods is analysed in Section 3.5.3.
The experiment demonstrates that the PAC-CRF method is susceptible to the impact

of material texture, leading to the imposition of distinct categories on adjacent pixels
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around the texture, and ultimately resulting in inaccurate predictions for material seg-

mentation.

2.3.2 Boundary Loss Function

Another method to refine the boundary is to use a loss function that measures the
quality of the segmentation boundary. One straightforward choice is the IoU between
ground truth segments and predicted segments for each material category. Another
way is to measure the overlapping between boundary pixels for each category. How-
ever, both methods are count-based, which is not differentiable, and thus cannot be
used to train networks directly. Rahman and Wang (2016) proposed a Soft IoU loss,
which adopts the continuous predicted output from the sigmoid layer in the IoU func-
tion. Bokhovkin and Burnaev (2019) utilised the max pooling operation to generate
the segment boundaries for both ground truth segments as well as predicted segments
after the sigmoid layer. The boundary loss is then computed based on a distance map
that measures the distance from each pixel at the predicted segment boundary to the
nearest pixel at the ground truth segment boundary and vice versa. To avoid the non-
differentiable operation argmax, these two losses are defined directly on the score maps
after the softmax operation. This thesis adopts the boundary loss in (Bokhovkin and
Burnaev, 2019) to train the networks since it is explicitly designed to refine the bound-

aries.

For each material category c, the network would predict a probabilistic score map y; i
whose values are within the range [0,1] after the softmax operation. The values of the
corresponding ground truth segments y;, are in the set 0,1. In order to compute the
alignment between i, ; and yg,, the boundary map of category yP¢ is defined with the

following equation:
Y = pool(1—y,61) — (1 - ) (22)

where 6 is the max pooling size. In order to calculate the Euclidean distances from
pixels to boundaries, it is necessary to obtain a supporting map, which is an extension

of the boundary map y<¢¥*:

b,c.ext

y = pool(yh'c, 6>) (2.3)

Then the precision and recall P¢, R° can be computed, by counting the points within
the maximum distance defined by 6,:
. Zvi © v E(vgr © ¥,d™)

Pt = , RS = (2.4)
E(yys) L (ygr)
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The boundary metric (BFy) proposed by (Csurka et al., 2013) and the actual boundary
l0ss Lyoundary (Bokhovkin and Burnaev, 2019) is then computed as:
CRC

BE = chp—:;c’ Lboundary = é;(l - BFlc) (2.5)
where C is the number of material categories. Although experiments in (Kang et al.,
2021; Bokhovkin and Burnaev, 2019) have shown that this boundary loss can help the
network to optimise the predictions near the boundaries, the loss value may not de-
crease when used in isolation since it does not contribute to the segmentation accuracy
directly. Therefore, the local branch features, designed to achieve high accuracy, are
passed to the global branch to ensure the BCAM-SegNet can extract boundary features
steadily. Moreover, the boundary loss function assumes that the ground truth segments
should cover all adjacent pixels belonging to the same category. As a consequence, the
boundary loss cannot be used for the MINC and LMD databases directly. Section 2.4
introduces a solution, the self-training strategy, which can provide pseudo labels for
the unlabelled pixels.

While conducting the research, Borse et al. (2021) proposed a new loss function which
assumes that the boundaries of ground truth segments and the predicted segments are
related to each other through a homography transformation (Liu et al., 2018a). The
authors construct an inverse-transformation network that takes the boundary maps as
input, and produces the coefficients of the homography matrix as output. The bound-
ary distance is then computed by comparing the homography matrix to an identity
matrix. Although the recently proposed boundary loss shows promising results for
boundary refinement in segmentation tasks, the experiments in Chapter 3 had already
been completed by the time this new boundary loss was published. Therefore, it is left

for future studies on boundary refinement in material segmentation tasks.

2.4 Self-training

To utilise the boundary loss function, one fundamental requirement is that the labelled
segments must fully cover the material area. As material segmentation datasets can
be sparsely labelled, semi-supervised learning is a potential approach to fill in missing
labels and provide dense segments that can be used with the boundary loss function.
This approach utilises both labelled and unlabelled pixels during training. Among all
semi-supervised learning approaches (Zhu, 2005), self-training is the most simple yet
efficient one to fill in unlabelled pixels with generated pseudo labels. The illustration of
this approach is shown in Figure 2.2. The idea is that the networks can train themselves
with the pseudo labels generated by a trained network with existing samples. From
the perspective of annotation, it can be considered a way of auto-labelling. If the initial

network can identify a majority of the samples correctly, after repeating the process
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FIGURE 2.2: The pipeline of the self-training approach. It generates pseudo labels from
a sparsely labelled dataset, and improves the pseudo label by repetitively training the
network.

several times, the network performance should be improved. Recent experiments show
that this approach can achieve SOTA segmentation performance with limited labelled
samples (Le et al., 2015; Cheng et al., 2020; Zoph et al., 2020). In fact, even the well-
known giant Segment Anything Model (SAM) (Kirillov et al., 2023) utilises such a self-

training approach to enlarge its training set and improve network performance.

Although the self-training method may introduce more misclassified labels as noise to
the dataset compared with more robust methods based on a discriminator to control
pseudo label quality (Souly et al., 2017), the noise can also prevent the network from
overfitting (Goodfellow et al., 2016, p. 241) since the LMD is a small dataset. Therefore,
this thesis chooses the self-training method to generate pseudo labels and provide the
boundary information for the CAM-SegNet. The experiments in Chapter 3 show that
the self-training approach is not the factor that improves performance. Instead, the
combined boundary and material features are the reason why the CAM-SegNet can
perform well.

2.5 Transformers in Vision Tasks

The transformer is a type of neural network architecture that was first introduced in
(Vaswani et al., 2017). It is composed of self-attention (Zhao et al., 2020b) and MLP
(Tolstikhin et al., 2021) modules to learn the dependency between every pair of word
tokens, and has become a very popular and powerful architecture in natural language
processing (NLP), achieving SOTA results in a wide range of tasks, including machine
translation, language modelling, and sentiment analysis (Devlin et al., 2018; Yu et al,,
2021b).
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FIGURE 2.3: The architecture of a typical self-attention module.

In the computer vision domain, Dosovitskiy et al. first proposed to crop the images into
16 x 16 patches to train the Natural language processing (NLP) transformer architec-
ture with images and achieved impressive performance in many classification datasets
(Krizhevsky et al., 2012, 2009). The success of their work has demonstrated the poten-
tial of transformers in achieving promising performance in vision tasks. As a result,
researchers are increasingly exploring the use of transformers in various computer vi-
sion applications such as classification (Dosovitskiy et al., 2020; Chen et al., 2021; Qing
et al., 2021) and segmentation (Liu et al., 2021b; Strudel et al., 2021; Zheng et al., 2021),
with the hope of achieving even better results than those obtained by traditional CNNs.
Figure 2.3 illustrates the architecture of a typical transformer module. It uses three par-
allel linear (also known as fully-connected) layers to produce three matrices, named
Query (Q € RHWXC) Key (K € R"W*C), and Value (V € RHW*C) respectively. The
KT and Q matrices are multiplied together, and then normalised with the SoftMax op-
eration to generate the attention weights with dimensionality RF"W>*HW that each row
represents the dependency for each pixel against all other pixels. The symbol @ repre-
sents matrix multiplication in this thesis, and H and W are the height and width of the

feature map.

This section categorises vision transformers into global and local types based on the ex-
tent to which the self-attention module is applied. The global transformers represented
by Vision Transformer (ViT) (Dosovitskiy et al., 2020) and DeiT (Touvron et al., 2021)
employ global self-attention to capture the correlation between each pair of embedded
patch features. This design ensures that such transformers have a global view from the
tirst layer. However, the quadratic complexity in image size makes global transform-
ers expensive to use. Moreover, a recent study (Raghu et al., 2021) showed that global
transformers can still have a local view at shallow layers. Their work states that learn-
ing from local regions at the beginning is important for good performance. In contrast,
local transformers such as Swin (Liu et al., 2021b,a) apply the self-attention module to
windowed regions. This local design reduces the complexity to be linear in image size
and gradually increases the patch size through patch merging. As a result, features
from multiple stages of Swin are extracted from patches with different resolutions. By
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aggregating these features through trainable weights, DBAT achieves the goal of learn-
ing from cross-resolution patch features.

2.6 Network Interpretability

The study of network interpretability aims to explain how a network makes predic-
tions, and what features the network learns during training. For CNNSs, the visualisa-
tion of the convolutional kernel weights shows the pattern of features that the network
has extracted (Krizhevsky et al., 2012; Wang et al., 2020). For the attention-based net-
work module, a simple yet effective way is to plot the per-pixel attention masks on the
input image and the weights indicate the contribution to the final decision of each pixel
(Fukui et al., 2019; Liu et al., 2018b). For transformers, however, interpreting the self-
attention module remains challenging due to the high dimensionality of the correlation
mask and the recursively connected attention modules. Carion et al. (2020) proposed
to reduce the dimensionality by visualising an attention mask for individual pixels of
the feature map one at a time. Chefer et al. (2021) reassigned a trainable relevancy
map to the input image and propagate it through all the self-attention layers. How-
ever, these methods are designed for classification tasks and they can only interpret the
transformer behaviour for a specific image. This thesis focuses on the segmentation
task and prefers a summary explanation of the whole dataset. Therefore, this chapter
chooses to introduce the CKA heatmap (Nguyen et al., 2020; Raghu et al., 2021) and
the network dissection method (Bau et al., 2020, 2017, 2019). A detailed explanation is

included in the following sections.

2.6.1 Centered Kernel Alignment

For transformers, the interpretability of the self-attention module remains challenging
due to its high dimensionality and recursive network connections. Carion et al. (2020)
proposed to reduce the dimensionality by visualising one self-attention layer for a sin-
gle pixel at a time. Chefer et al. (2021) reassigned a relevancy map to the input. The
map propagates through all the self-attention layers to capture the network structure.
However, these methods can only illustrate the transformer behaviour for a specific in-
put image. To obtain a summarised explanation across the whole dataset, Section 5.2
plots the CKA matrix (Nguyen et al., 2020; Raghu et al., 2021; Kornblith et al., 2019)
which measures the similarity between two layers from network layer features evalu-

ated with the same group of samples.

In this section, X € R"™*%1 Y € R"*% are the feature maps extracted from two network
layers. Here m is the number of samples and d;, d, are the dimensions of the flattened
teature map. To understand the equations of CKA, it is essential to introduce the vector
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similarity and the Gram matrix. For vectors a, b, the cosine similarity is defined as the

<a,b> H :
——T . ere < - > 18
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the dot product. The cosine similarity is within the range [-1,1], where 1 indicates that

dot product between 4, b divided by the product of their norms

vectors a and b are exactly the same in terms of direction and length, value -1 indicates
that they have the same length but in opposite direction, and value 0 means that they
are orthogonal and uncorrelated to each other. The vector similarity measurement is
then extended to the matrix, known as the Gram matrix with shape m x m in Equation
2.6, where the element at position i, j represents the dot product between sample i and
sample j. In this way, the measurement of the similarity between two arbitrary layers
can be transformed into measuring the similarity of two Gram matrices by Equation
2.7, regardless of the feature map resolution. Here vec flattens the matrix into a vector,

and || - || is the Frobenius norm.

As for the CKA matrix, it is a general form of Equation 2.7 where the positive definite
kernel function is applied to calculate the Gram matrix elements as k =< ¢(x;), ¢(x;) >
), I =< ®(y;), ®(y;) >, and the Gram matrix is centered as K’, L’ by projecting K, L
onto the space orthogonal to the vector 1 through HKH, HLH, where H is the centering
matrix H = [, — %HT, where [, is an identity matrix of size m x m and 1 is a vector of
length m and all elements are 1. The kernel function is used to deal with more complex
relationships between the features. The Gram matrix ensures that the CKA matrix is

invariant to orthogonal transformations.

In this thesis, the CKA matrix measures the layer similarity by normalising the Hilbert-
Schmidt Independence Criterion (HSIC) (Song et al., 2012), as shown in Equation 2.8
(Raghu et al., 2021). By normalising HSIC with Equation 2.9, the CKA becomes in-
variant to isotropic scaling. Since HSIC= 0 only when X and Y are independent and
CKA= 1 when X and Y are the same, they together give a meaningful comparison of
two networks with different architectures (Kornblith et al., 2019).

K=XXT,L=yY" (2.6)
o < vec(K),vec(L) >
eature similarity = 2.7
/ N R 7)
< vec(K'),vec(L") >
HSIC(K, L) = T (2.8)
CKA(K,L) = HSIC(K, L) (2.9)
v/HSIC(K, K)HSIC(L, L)

As a model-independent method, the CKA matrix enables the quantitative compari-
son between two networks regardless of their architectures. This thesis illustrates the
behaviour of the DBAT by computing the CKA matrix of itself and its backbone trans-
former. It shows that DBAT learns new features from the aggregated cross-resolution
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patch features to improve performance. Following (Kornblith et al., 2019; Nguyen et al.,
2020), the unbiased estimator of HSIC (Song et al., 2012) is used in this thesis.

2.6.2 Network Dissection

Visualisation tools and CKA help to understand how the model combines specific fea-
tures to predict material labels and highlight the similarity or independence of features
acquired by different network layers. However, they do not offer insight into the na-
ture of these features. To address this issue, this thesis utilises the technique from the
‘network dissection' literature (Bau et al., 2017; Zhou et al., 2018; Bau et al., 2019, 2020),
which correlates neuron outputs to an independent set of human-interpretable labels,
such as objects, textures, or scenes. It treats the features extracted by one neural unit
(corresponding to one channel in the feature map) as the segmentation solution and
measures the correlation with the ground truth segments in each semantic category. If
the correlation exceeds a pre-defined threshold, then the neuron is considered to learn

features related to the corresponding semantic label.

Calculating the correlation score requires a densely labelled dataset containing labels
for a set of pre-defined concepts. In this thesis the Broden dataset proposed by Bau et al.
(2017) is used to interpret the networks. First, the trained parameters of a network are
frozen. Then, the output of each neuron in the last network layer is thresholded into
a binary mask to be compared with the corresponding concept ground truth segments
in terms of mloU (Bau et al., 2017). The threshold is the value a; ensuring that 99.5%
of the activation values are greater than it. A neuron is assigned the interpretive label
for which the mIoU score is the highest and above 0.04. By measuring the number
of neurons aligned with each concept, the network dissection method indicates the

features the network focuses on during training.

The network dissection method is applied in Chapter 5 to compare the proposed DBAT
with selected networks. The results show that the DBAT is particularly good at de-
tecting local material features, such as texture, which may be the reason why DBAT
achieves the narrowest uncertainty bound when the network is trained independently

for five times.

2.6.3 Interpretable Networks

It is worth noting that the network dissection method can only interpret disentangled
neurons (Bau et al., 2020; Shen et al., 2021). This means that only a fraction of the chan-
nels of a network layer can be aligned with meaningful semantic concepts. The rest
of the neurons also detect useful features, but the features that they learn cannot be

explained with semantic labels. One of the reasons is that these neurons are detecting
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mixed features (e.g.detecting both texture and object combinations). In order to reduce
the number of entangled neurons, the concept 'Interpretable Networks' is proposed.
The idea is to disentangle the patterns that each neuron learns so that the visualisation
of the feature map becomes interpretable. Zhang et al. (2018a) proposed to separate
the patterns that a network learns by building an explanatory graph. The explanatory
graph can be applied to trained networks and summarises the extracted features into
a few patterns. Zhang et al. (2018b) further introduced a filter loss term to regularise
the features so that each neuron contributes to one category with one consistent visual
pattern. However, their networks can only learn features from ball-like areas since the
filter loss is based on a regional template. Shen et al. (2021) extended the interpretable
networks to learn disentangled patterns without shape or region limitations. Their
compositional network splits neurons into groups and makes the neurons learn sim-
ilar/different features within/across the groups. The trained networks can produce
meaningful feature maps with a slight sacrifice in accuracy (Shen et al., 2021). How-
ever, training an interpretable network is beyond the scope of this research and shall be

investigated in the future.

2.7 Material Property Measurements

Unlike the properties of objects, which are often associated with appearance seman-
tics like shape and colour, the properties of materials are often defined by how they
interact with light or sound at their surface and require specialised equipment for mea-
surement, in addition to using adjectives to describe the visual or tactile properties of a
material (Schwartz and Nishino, 2019). Portable measurement devices such as Time-of-
Flight (ToF) cameras (Su et al., 2016) and hyperspectral cameras (Behmann et al., 2018)
have the capability to assess the reflective or scattering properties of materials. ToF
cameras operate as indirect sensors by determining the elapsed time for a light pulse
to travel from the camera to the material and back (Su et al., 2016), while hyperspectral
cameras directly capture the spectral signature, which quantifies how much light can
be reflected by the material at sampled wavelengths (Grewal et al., 2022). For mate-
rial segmentation, hyperspectral cameras are preferred due to their ability to capture
a complete scene and provide a comprehensive measurement of material properties

through their spectral profiles.

Apart from mobile devices, laboratory devices can measure spectral information under
a constrained environment. For example, the spectrophotometer (Albert et al., 2012)
quantitatively measures the absorptance and reflectance distribution against visible
and infrared radiation wavelengths based on the amount of light absorbed by the mate-
rial (Lv et al., 2022; van Nijnatten, 2014). The streak camera (Bagayev et al., 2020; Horn,
2009) measures time-dependent temporal point spread functions (TPSF) (Kirkby and
Delpy, 1996), which describe how light is reflected, refracted, scattered, or absorbed
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by the material. Additionally, femtosecond lasers (Lureau et al., 2020) can measure
the thermal conductivity and mechanical properties of the material by emitting pulses
of light and performing time-resolved measurements of temperature and laser-induced
deformations (Guo et al., 2019). A spectrophotometer and a spectral camera are two de-
vices that measure spectral information, but differ in their measurement capabilities. A
spectrophotometer measures the amount of light absorbed or transmitted by a sample
at a single point or small area, making it a precise tool for material characterisation and
analysis in laboratory settings. In contrast, a spectral camera captures spectral informa-
tion for an entire scene, making it useful for remote sensing and imaging applications.
The samples in the spectraldb (Jakubiec, 2022) are measured by a spectrophotometer,
and samples in the ARAD_IK (Arad et al., 2022) are measured by a spectral camera.
The spectral profile can facilitate a correlation between measurements obtained from
hyperspectral cameras and spectrophotometers provided that the measurements from
the hyperspectral camera are lighting invariant. MatSpecNet proposed in Chapter 6
leverages both datasets by matching the measurements with a similarity score that de-

scribes the shape difference of two spectral profiles.

In addition to sensor-based measurements, human perception also plays a crucial role

in evaluating material properties. For instance, the photopic reflectance V(A) and melanopic
reflectance M(A) are derived from the measured spectral profile based on the human
visual system. The photopic reflectance captures the average human response to the
brightness of light in the visible spectrum (Smith and Pokorny, 1996), while the melanopic
reflectance provides information about the effect of reflected light on the activity of
melanopsin photoreceptors in the human eye (Lucas et al., 2014). Moreover, the rough-
ness or irregularity of material surfaces, which are difficult to measure with devices,
can be estimated through appearance-driven assessments based on human observa-
tion (Jakubiec, 2022; Jones and Reinhart, 2017).

In Chapter 6, MatSpectNet employs the ARAD_1K dataset (Arad et al., 2022), captured
by a hyperspectral camera, as the training data for the spectral recovery network, S(x).
To refine the precision of the recovered hyperspectral images and incorporate human
observations, the spectral and observation measurements in the spectraldb (Jakubiec,
2022) are utilised, which are acquired from a spectrophotometer, as a correction refer-

ence.

2.8 Material Segmentation in Remote Sensing

In the expansive realm of computer vision, the concept of material segmentation finds
application in diverse contexts, including remote sensing through satellite and airborne
imagery. This technique, although not novel and has garnered over decades of usage
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(Grewal et al., 2023), continues to shape our understanding of Earth surface by harness-
ing advanced technologies such as hyperspectral images and neural networks.

While the material definition in remote sensing, encompassing domains like agricul-
ture and forestry (Demir et al., 2018), as well as specific instances such as Corn and
Grass-trees (Baumgardner et al., 2015), differs from the realm of indoor material seg-
mentation, their segmentation methodologies offer valuable insights that illuminate

my own research.

In the previous decade, colleagues have grappled with challenges such as imbalanced
and limited training data, as well as the intricacies of the curse of dimensionality. Pre-
ceding the advent of deep learning, hyperspectral image segmentation in remote sens-
ing relied on factors such as colour, pixel intensity, texture, and an array of diverse
features. For example, threshold-based segmentation is a simple yet effective image-
processing technique used to separate objects or regions of interest. This method in-
volves setting a threshold value and classifying pixels or regions based on their in-
tensity levels relative to the threshold. Ghamisi et al. (2012, 2013) proposed a multi-
level thresholding method that leverages the natural computing method named par-
ticle swarm optimisation (Mirjalili and Mirjalili, 2019). Wu et al. (2018) introduced an
adaptive threshold segmentation technique to address the issue of manually selecting
empirical threshold values. The threshold was determined by computing the mean dis-
tance between training samples and the spectral centre of each class.

In addition to the threshold-based segmentation method, clustering (Verma et al., 2016;
Chen et al., 2011; Pisani et al., 2014), edge detection-based segmentation (Youn and
Lee, 2013; Xia et al., 2016) and other computer vision techniques (Angulo et al., 2009;
Li et al., 2018, 2019) have been investigated for hyperspectral image segmentation as
well. Chen et al. (2011) proposed a method involving the utilisation of multiple kernel
fuzzy c-means clustering for hyperspectral image segmentation. Verma et al. (2016)
employed an enhanced approach using intuitionistic fuzzy c-means clustering that in-
corporated local spatial information for each pixel, retained visual features, and ex-
hibited resistance to noise. Angulo et al. (2009) utilized a multi-scale stochastic wa-
tershed approach to achieve unsupervised segmentation of the hyperspectral images.
To incorporate edge information, Youn and Lee (2013) employed the Bhattacharya dis-
tance to assess the similarity between adjacent blocks, and Xia et al. (2016) applied
edge-preserving filtering to spectrally independent components selected by indepen-

dent component analysis.

With the rise in popularity of deep learning methods, the hyperspectral segmentation
task can be solved using proper network architectures and training strategies. Akiva
et al. (2022) adopted a self-supervised pre-training strategy to learn robust features
for remote sensing material segmentation. Zhou et al. (2019b) proposed a Long Short
Term Memory (LSTM) network to learn both spectral and spatial features. Li et al.
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(2023) chose to embed manifold subspace learning and learn from intrapatch samples
to model unified spectral-spatial feature representations. As for the proposed Mat-
SpectNet, the idea of combining spectral-spatial features is also used by adopting the
MLP to learn material features from hyperspectral images.

2.9 Hyperspectral Image Recovery Methods

Early attempts to recover hyperspectral images rely on sparse coding methods, such
as manifold representation, which embeds high-dimensional spectral information into
low-dimensional representations (Li et al., 2020; Jia et al., 2017). Recent network-based
methods investigate network modules that learn both spatial and spectral features (Cai
et al., 2022¢c; Hu et al., 2022). While these methods have achieved accurate spectral re-
coveries, the application of hyperspectral images is still limited by the lack of annotated
hyperspectral image datasets with semantic labels. Despite advancements in solving
the spectral recovery challenge for geoscience applications such as aerial image dehaz-
ing, the challenge remains a topic of ongoing research for daily images (Mehta et al.,
2021; Cai et al., 2022b; Arad et al., 2022). The method in Chapter 6 investigates how to
apply hyperspectral recovery methods to existing material segmentation datasets. The

proposed method can also be applied to other tasks without much modification.

2.10 Physically Based Rendering

The purpose of PBR is to synthesise realistic images from 3D scene descriptions with
physics principles, which models the interaction of light and materials (Pharr et al.,
2016). The well-known ray-tracing algorithm (Pharr et al., 2016; Meister et al., 2021;
Quatresooz et al., 2021) is the foundation of modern render engines such as Mitsuba
(Nimier-David et al., 2019) and Nvidia OptiX (Ludvigsen and Elster, 2010; Rott, 2022).
The algorithm traces the lights arriving at the camera from the light source, with the
consideration of how light interacts with the materials of scene objects. The interaction
can be described as functions that calculates how much energy of the light is reflected,
e.g.the Bidirectional Reflectance Distribution Function (BRDF) (Sun and Zhao, 2021).
Since these functions are closely related to material optics properties such as absorption
and reflection, the 3D scene descriptions should include detailed material definitions.
One possible solution to create a material segmentation dataset is to assign material de-
scriptions from ambientCG (Demes), which provides free PBR materials, to 3D objects
from 3D-FRONT (Fu et al., 2021), and renders the images in Mitsuba (Nimier-David
et al., 2019). To ensure material diversity, the texture of each material description can
be randomly selected to cover various appearances. However, existing open-access

material descriptions are limited to supporting the render engine in synthesising RGB
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images. Collecting material descriptions that can generate hyperspectral images is a
non-trivial task. Thus, this thesis considers PBR as a potential future research direction

in the realm of dense material segmentation.
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Chapter 3

CAM-SegNet: A Context-Aware
Dense Material Segmentation
Network

This chapter presents the contributions of my first-year PhD study, including a hybrid
network called CAM-SegNet and its training strategies. The network is designed to
learn the material and contextual features during training jointly. It can accomplish
this task even when trained with sparsely labelled material segmentation datasets such
as LMD (Schwartz and Nishino, 2016, 2020), without requiring additional object or
scene annotations. This chapter will first outline the motivation and research question,
followed by introducing the proposed methodology. Next, the experiment design and
results will be presented. Finally, the contribution will be summarised, including the
benefits and drawbacks of the approach.

3.1 Research Question and Motivation

The research question of how to train a network to learn both material and contex-
tual features simultaneously without relying on additional contextual annotations is
addressed in this chapter. According to Schwartz and Nishino (2020, 2016), combining
material and contextual features can enhance network performance in material seg-
mentation tasks (Schwartz, 2018; Schwartz and Nishino, 2020, 2016; Bell et al., 2015b).
They indicate that material features enable the network to identify material categories
despite their varying appearances, while contextual features constrain the possible ma-
terial categories that appear in a given scene. To investigate this assumption, they
present a multi-branch network architecture (Zhang et al., 2020b, 2019b), which in-

cludes one branch for extracting material features from image patches, and multiple
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pre-trained branches targeting object segmentation and scene recognition tasks to ex-
tract contextual features. The material and contextual features are then concatenated to
predict material labels. Although their work offers a viable approach to achieve dense
material segmentation with a neural network, the network design still requires refine-
ment since the pre-trained branches that provide contextual features are not fine-tuned
along with the material branch, given that dedicated material datasets lack contextual
labels.

3.2 Overview

This chapter presents the CAM-SegNet, a hybrid network architecture that enhances
the performance of dense material segmentation. Unlike previous approaches that
adopt disentangled material and contextual features, the CAM-SegNet shows that a
carefully designed mechanism to combine these features during training can lead to
better segmentation performance. The network is composed of global, local, and com-
posite branches. The global branch extracts contextual features from the whole image,
while the local branch learns material features from image patches. The composite
branch then generates the material predictions by merging the features. The effective-
ness of the CAM-SegNet is demonstrated by adjusting the global branch to extract
boundary-related contextual features, using a loss function that measures the align-

ment between the predicted and ground truth material boundaries.

To address the weakness of sparsely labelled datasets, a self-training approach is em-
ployed to augment the existing segments with predicted pseudo labels. The perfor-
mance of the proposed CAM-SegNet architecture is evaluated on both the sparse LMD
test set and the DLMD test set, which includes eight indoor scene images with dense
annotations. The results show that CAM-SegNet outperforms recently proposed net-
work architectures and single-branch approaches in the control group by 3-20% in Pixel
Acc and 6-28% in mloU. Furthermore, the iterative self-training process does not com-
promise the accuracy of the CAM-SegNet.

3.3 CAM-SegNet Architecture

This section presents the overall network structure, as illustrated in Figure 3.1. The
global branch takes the original image as input while the cropped patches are fed into
the local branch. The encoders extract features from both branches independently and
downsample the feature maps. The decoders recover the feature map resolution jointly
(with the feature sharing connection) and generate the outputs for each branch. The
composite branch crops and concatenates the global branch output Og to the local
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FIGURE 3.1: CAM-SegNet architecture. The feature maps in the decoders are shared
between the global and local branches. After the encoder-decoder component, the
feature maps at the same spatial location are concatenated together and passed into the
composite branch, which upsamples the feature maps to the same size as the original
input image. The composite output can be refined by an optional CRF layer.

branch output Or. Then the network merges the upsampled feature maps, and gen-
erates the composite output Oc. The last convolutional layer is applied to patch fea-
ture maps O¢/, to ensure that the overall network still focuses on material information
extracted from image patches. Finally, the optional CRF layer can be used to refine
the composite output Oc. While training, the contextual features extracted from the
global branch are controlled by the loss function applied to the global branch output
Oc. When inferring unseen images, only the composite output O¢ is kept to generate
the final segmentation. To ensure that the matched global and local feature maps are
learning from the same image region, the patch cropping method used to crop the in-
put images is adopted, as described in Algorithm 1. The feature merging process is
precisely the reversed cropping operation, and the overlapping pixels between patches

are averaged.

3.3.1 Feature Sharing Connection

The decoder in Figure 3.1 gradually upsamples the feature maps with three convo-
lutional blocks. To train the two branches collaboratively, at the input of each block,
the feature maps are shared between the global and local branches through the fea-
ture sharing connection showed in detail in Figure 3.2. The feature maps are defined
as Xg € RMexwe for the global branch, and X € RU*exhixwr gor the local branch.
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Algorithm 1

This algorithm is designed to calculate the parameters when cropping the in-
put images or feature maps. The same parameters are used to merge the
patches to ensure the feature value at the corresponding position describes the
same image region in the global and the local branch.

—_

: procedure GETPATCHINFO(PatchSize, S) > S is the height or width of the original

image
2: Initialize
3: num_patch < 0 > Number of patches cropped alone one dimension
4: stride < 0 > Number of pixels to next patch
5: pad <0 > Number of zeros to pad at a particular dimension
6: if S mod patch_size equal 0 then > When the patches accurately cover the
image
7: num_patch < S divide patch_size
8: stride <— patch_size
9: else > Allow padding and overlapping for one more patch
10: num_patch < (S divide patch_size) plus 1
11: stride < (S divide num_patch) plus 1
12: pad < (stride multiply (num_patch minus 1)) plus patch_size minus S
13: return num_patch, stride, pad
Global branch
ntrpolt patch Weee W
|nerpoae= patches > PY Y )
X'G
Xca XG X

Concatenate

G
Concatenate
Local branch
Resi Mer
e S el eue (oo (V)
XL XoL
XL XL

FIGURE 3.2: The feature sharing connection between the decoders. X is the concate-
nated global branch feature maps, while Xy is the concatenated local branch feature
maps.

Here c represents the channel number, i1, w are the height and width, and b is the num-
ber of patches. First, the global branch feature maps X¢ are cropped into patches,
X; € RE*exhixwr and these patches are concatenated with the local branch feature
maps. Then the network merges the patch feature maps X; from the local branch to
produce X} € R¢*">*@c_ Finally, the merged feature maps are concatenated with the
global branch feature maps. The number of channels in the concatenated feature maps,
Xcc and Xcp, are doubled to 2c. To ensure that the global and local feature maps can
match each other spatially, the same patch cropping method is used as the one used to

crop the input images.
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3.3.2 Context-Aware Dense Material Segmentation

The three outputs (Og, O1, Oc) generated from the CAM-SegNet make it convenient to
control the features extracted from each branch, by optimising the branches to achieve
different tasks with different loss functions. To optimise the CAM-SegNet, the total loss

function Ly, can be defined as

Ltotal = Lgtobal (Oc, Y1/4) + Liocat (OL, Y1/4) + Leomposite(Oc, Y) (3.1)

where Y is the ground truth segment, and Y7 /4 is the downsampled ground truth seg-
ment. The downsampled ground truth is used to reduce the memory capacity needed
during training. This chapter aims to combine contextual and material features to gen-
erate dense material segmentation. According to Schwartz and Nishino (2016, 2020);
Schwartz (2018), material patches without contextual cues can force the network to
extract material features. Since the local branch is responsible to learn from image
patches, itis optimised to provide material features with the focal loss (Lin et al., 2017b),
i.e., Liocal = Lfocat = % Y —(1— p;)%log(p;). Here N is the number of pixels in O, and
pi is the estimated probability of pixel i in O, for the true category. Similarly, the global
branch is optimised to provide contextual features since the original images contain
contextual information. However, contextual labels (e.g.objects or places) are needed to
extract corresponding contextual features. Although these features can reduce the ma-
terial segmentation uncertainty (Schwartz and Nishino, 2016), the cost of extra labels is
not desired.

Instead of exploring contextual features that need extra labels, the CAM-SegNet inves-
tigates the contextual information that is missing in the image patches — the boundary
between different materials. For pixels along the boundary of material ¢, let R, P¢ be
the recall and precision score. To provide boundary related features, the boundary
loss (Bokhovkin and Burnaev, 2019), Lgjobar = Lpoundary = 2c1— %, is applied to
the global branch output Og, which aligns the predicted material boundary with the
ground-truth segments. Ideally, the composite branch should be able to generate pre-
dictions accurately with good boundary quality, if the composite branch can learn from
the outputs from both branches properly. Therefore, the composite branch loss func-
tion Leomposite 15 set @s Lyoundary(Oc, Y) + Lfocat(Oc, Y) to ensure that it is optimised to

achieve these two goals at the same time.

3.3.3 Self-Training Approach

Since not all training segments in LMD cover the whole material region, the detected

ground truth boundaries may provide misleading information to the boundary loss
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(Bokhovkin and Burnaev, 2019). Therefore, the first task is to complete the labels. A
network is trained with the focal loss (Lin et al., 2017b) and sparsely labelled LMD
as the initial teacher model to generate pseudo labels. It is assumed that the LMD
augmented with pseudo labels can provide necessary boundary information for the
CAM-SegNet. The teacher-student-teacher self-training approach (Zoph et al., 2020)
contains four stages:

1. The initial teacher model is trained by setting all the loss terms in Equation 3.1 to

Lfocal-

2. The trained teacher model generates the feature maps for the training set, and
replaces the known pixels with ground truth labels.

3. The feature maps are refined by the CRF layer, to produce the final pseudo labels
with better material boundary.

4. A CAM-SegNet is trained as a student model with the augmented LMD.

To improve the pseudo label quality and achieve the best performance, typical self-
training cases such as (Zoph et al., 2020; Le et al., 2015; Cheng et al., 2020) repeat this
training approach many times, to produce a series of student models. In detail, the stu-
dent model at round t is considered as the new teacher model, to produce a new aug-
mented dataset with the second and third stages. Then this dataset is used to produce a
new student model, S;;1 with the fourth stage. It is worth noting that, the self-training
strategy may not work well if the initial teacher model cannot predict most of the la-
bels correctly. According to Bank et al. (2018), an initial accuracy of 70% is not enough.
Since the reported material segmentation accuracy is about 70% in (Bell et al., 2015b;
Schwartz and Nishino, 2016, 2020), it is not expected to achieve an increased accuracy.
Instead, the objective is to show that the additional boundary information can help the
network to generate segments with good boundary quality, and the self-training ap-

proach is one way to provide such information.

3.4 Experiments

This section introduces the experiment configurations to train the CAM-SegNet, in-
cluding dataset pre-processing methods and evaluation metrics. The recently proposed
models in the literature are chosen as baseline models to show the superiority of the
CAM-SegNet.
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3.4.1 Dataset

The experiments evaluate the proposed method on the LMD (Schwartz and Nishino,
2016, 2020), and follow their suggestion to crop the images into 48 x 48 patches. The
samples are randomly split into training (70%), validation (15%) and test (15%) sets.
Since the contributions mainly focus on indoor material segmentation, this chapter
presents qualitative evaluations of the segmentation results only for images taken in

indoor scenes such as kitchens and living rooms.

3.4.2 Evaluation metrics

The network performance is evaluated with the Pixel Acc and the mloU score. It is
worth pointing out that the sparsely labelled segments in LMD may not reflect the true
segmentation quality, especially for pixels near the material boundaries. Therefore, in
addition to the LMD test set, eight indoor images are exhaustively labelled in the LMD
test set to evaluate the performance of the proposed network. These eight images are
referred as DLMD in the experiments.

In addition to the material segmentation performance, the metrics related to network
efficiency, such as the number of parameters (#params), the number of floating point
operations (#flops) and the frames per second (FPS). The #params refers to the ad-
justable weights in a neural network, impacting its capacity to learn complex patterns.
The #flops represents the computational workload during a forward pass, influenc-
ing processing efficiency. Regarding FPS, while it typically demonstrates an inversely
proportional relationship with the #flops within the same network architecture, this
correlation might not persist across diverse architectures. The reason is that FPS can
be influenced by factors beyond network components, including operations like image
pre-processing and post-processing, clipping and merging, which can impact overall
FPS.

3.4.3 Baseline Models

The main contribution of this chapter is to combine both global contextual features
and local material features to achieve dense material segmentation. To show the ad-
vantage of the proposed model among SOTA networks for image segmentation task,
DeepLabV3+ (Chen et al., 2018), BiSeNetV2 (Yu et al., 2020), and PSPNet (Zhao et al.,
2017b) are selected as the baselines. In the experiments, the pre-trained models im-
plemented by (Yakubovskiy, 2020) are fine-tuned. Since these networks have not been
evaluated on the LMD previously, the training procedures from their original papers
are adopted and the same backbone (ResNet-50) are used as the CAM-SegNet. The re-

sults are refined by the same CREF layer for a fair comparison.
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3.4.4 Implementation details

The ResNet-50 (He et al., 2016) pre-trained on ImageNet (Deng et al., 2009) is used as
the encoder and the FPN (Lin et al., 2017a) is used as the decoder. The skip connections
are added between the encoder and decoder as in (Chen et al., 2019). The patch size
48 is not divisible by the default encoder downsampling factor 32, which may cause a
spatial mismatch between the local and global feature maps. Therefore, the downsam-
pling factor is changed to 16, by setting the stride of the final block convolutional layer
to 1. Since Schwartz and Nishino (2016, 2020) did not release the segmentation task
training configuration, this section follows the work in (Bell et al., 2015b) to normalise
the images by subtracting the mean (124, 117, 104) for the RGB channels respectively.
To refine the segmentation outputs, the trainable Conv-CRF (Teichmann and Cipolla,
2019) is adopted. First, the Adam optimiser with learning rate 0.00002 is used to train
the network without a CRF layer. Then the network parameters are frozen to train the
CRF layer with learning rate 0.001. Finally the network is refined together with the CRF
layer with learning rate 0.0000001. Each stage is trained for 40 epochs. Since the im-
ages have different sizes, the gradients are accumulated to achieve an equivalent batch
size of 32. According to Chen et al. (2019), a mean squared error regularisation term
between the global and local outputs can help the network to learn from both branches.
This regularisation term is removed when the CRF layer is appended to the network,
to encourage the branches to learn more diverse features. The self-training approach is

repeated three times.

3.5 Result Analysis

This section presents the quantitative and qualitative evaluations, including the com-
parison between CAM-SegNet and baseline models, and the ablation study that tears
apart the network to validate each component of the architecture.

3.5.1 Quantitative Evaluation

Table 3.1 compares the performance of the CAM-SegNet against the baseline models.
CAM-SegNet achieves comparable performance compared with DeepLabV3+ on the
LMD. When evaluated on the DLMD, the CAM-SegNet achieves 3.25% improvement
in terms of Pixel Acc and 27.90% improvement in mloU, compared with the second
highest score achieved by DeepLabV3+. This indicates that the proposed CAM-SegNet
successfully learns the difference between materials and precisely predicts points near
the boundary. Moreover, the improved performance demonstrated on the DLMD sug-
gests that evaluating segmentation models solely on sparsely labelled datasets may

not provide a reliable estimation of their actual performance. In order to illustrate
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the model performance for individual materials, seven common materials that exist
in indoor scenes from DLMD are chosen to report the per-category Pixel Acc values.
DeepLabV3+, BiSeNetV2 and PSPNet got low scores on materials of small objects, such
as foliage (plants for decoration) and paper. Another observation from Table 3.1 is that
these three networks can still achieve comparable performance when recognising ma-
terials that usually cover a large area of the image, such as plaster (material of the wall

and ceiling) and wood (usually wooden furniture).

One reason for the low scores may be that the networks failed to learn from local ma-
terial features such as texture. PSPNet relies on the pooling layers to learn from multi-
scale features, DeepLabV3+ uses dilated convolutional layers. Although BiSeNetV2
adopts two branches to learn from local and global features, they all take the full-size
images as input, and the intermediate layers do not communicate during training. The
local features can fade out especially when the image resolution is low. As a conse-
quence, these networks tend to depend on global features and may not recognise small

material regions well.

In contrast, the CAM-SegNet adopts both full-size images and cropped patches, to
learn from the global and local features, which are combined and co-trained. This
enables the CAM-SegNet to recognise materials that are hard to identify (foliage and
paper) for the baseline models.

Models ceramic fabric foliage glass paper plaster wood Pixel Acc mloU
Pixel Coverage (%) 295 1096 1543 194 1.76 2.54 13.54 - - #params (M) #flops (G) FPS
Datasets DLMD LMD DLMD DLMD
DeepLabV3+ 97.68 2756  0.00 4891 0.00 88.94 73.69 | 71.37 67.09 32.04 59.57 51.44 21.55
BiSeNetV2 18.86 3.07 0.00 23.00 0.34 58.68 70.77 | 45.66  37.66 15.08 3.40 21.15 156
PSPNet 55.59 0.12 0.00 66.73 147 79.25 7376 | 50.12 52.11 23.39 65.73 68.19 5.44
CAM-SegNet (ours)  92.65 3272 88.81 2199 30.67 87.77 93.82 ‘ 71.65  69.27 40.98 ‘ 52.31 56.24 13.25

TABLE 3.1: Quantitative evaluation results for the CAM-SegNet and baseline models.

The values are reported as percentages. The highest value for each evaluation metric is

in bold font. Seven common indoor materials are selected to report the performance of

Pixel Acc on the DLMD. The number after the material category is the pixel coverage

(in percentage) of each material in the dataset. The Pixel Accis evaluated on both LMD

and DLMD. Since LMD test set provides sparsely labelled images, it is not meaningful
to report mloU on LMD. Therefore, mloU is reported on DLMD only.

3.5.2 Qualitative Evaluation

Figure 3.3 compares the segmentation quality of the CAM-SegNet with the DeepLabV3+.
As indicated by the mloU score, CAM-SegNet is better at recognising pixels around
material boundaries. In the kitchen image, the boundary between the ceramic floor
and the wooden cupboard is adequate. In the toilet image, the ceramic close-stool is
successfully separated from the wall covered with plaster. A more detailed qualitative

evaluation is included in the ablation study.
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FIGURE 3.3: Dense material segmentation results for Kitchen image and Living Room
image. The sparsely labelled images are taken from LMD, and densely labelled with
all known material categories manually.

3.5.3 Ablation Study

Table 3.2 and 3.3 evaluate the effectiveness of each component of the CAM-SegNet. The
components include the network architecture, the loss function, and the CRF layer. For
fairness, all models are trained with the same training procedure as the CAM-SegNet.
In detail, to show the advantages of the two-branch architecture, two single-branch
models are trained with full-size images and image patches separately, and are referred

to as the Global and Local models respectively.

Since the LMD is sparsely labelled, it is not straightforward to train the proposed CAM-
SegNet without the self-training approach. In order to control for the influence of
the self-training approach, the CAM-SegNet is retrained with the focal loss (Lin et al.,
2017b). The loss is applied to all three outputs in Equation 3.1, and the trained model
is named as the Self-Adaptive CAM-SegNet (SACAM-SegNet). To avoid confusion,
the CAM-SegNet trained with the boundary loss is referred to as the Boundary CAM-
SegNet or BCAM-SegNet. Table 3.2 shows that the SACAM-SegNet achieves an im-
provement of 12-20% on Pixel Acc and 6-19% on mloU, compared with single-branch
models without the self-training approach. Although PAC-CRF refined models tend to
get higher Pixel Acc, Conv-CRF refined models can achieve higher mloU.

Figure 3.4 shows that the SACAM-SegNet can produce correct labels for pixels that are
hard to recognise for the Global or Local models. For example, the SACAM-SegNet can
label the window in the kitchen as glass correctly. Moreover, the proposed model can
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Metric ‘ CRF Layer ‘ Local Global ‘ SACAM-SegNet

Pixel Acc PAC-CRF | 6195 60.58 69.25
Conv-CRF | 58.07 55.67 66.83
PAC-CRF | 27.07 30.52 32.25

mloU
Conv-CRF | 31.77 32.25 34.16

TABLE 3.2: Quantitative results for the SACAM-SegNet and single-branch models in
percentage. The proposed network outperforms single-branch models.

ignore object boundaries and cover all adjacent pixels belonging to the same material
category. A good example is the ceiling and the wall in the living room picture. Sur-
prisingly, the SACAM-SegNet can even tell the difference between the scene outside
the window and the scene drawing in the painting in the living room, and successfully
classify them as glass and paper respectively. However, it is also noticed that the PAC-
CRF refined SACAM-SegNet tends to predict wrong labels if the material region has
rich textural clues. For example, the striped curtain covers the window in the kitchen.
The PAC-CREF forces the network to label pixels between the stripes to different cate-
gories. This behaviour is not desired since it can give wrong boundary information.
That is the reason why this chapter chooses to use a Conv-CRF refined model to gener-

ate the pseudo labels.

Table 3.3 compares the performance between SACAM-SegNet and BCAM-SegNet with
the self-training approach. Without boundary loss, the SACAM-SegNet performs worse
compared with the BCAM-SegNet. This shows that self-training alone does not result
in the good performance of the BCAM-SegNet. The boundary information can stabilise
the CAM-SegNet to learn from noisy pseudo labels and gradually correct the pseudo
labels to achieve higher accuracy. The qualitative comparison can be found in Figure
3.5 and 3.6.

SACAM-SegNet =~ BCAM-SegNet
Pixel Acc mloU Pixel Acc mloU

Student 1 66.42 37.93 67.38 39.26
Student 2 67.26 38.97 68.18 39.81
Student 3 64.85 32.19 69.27 40.98

Models

TABLE 3.3: Quantitative performance of the CAM-SegNet trained on augmented LMD
with the self-training approach. The values are reported in percentages.
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Kitchen LMD Dense LMD
Global Local SACAM- Global Local SACAM-
Conv-CRF Conv-CRF SegNet PAC-CRF PAC-CRF SegNet
Conv-CRF PAC-CRF

o

Living Room

Hr‘

Dense LMD

Global Local SACAM- Global Local SACAM-
Conv-CRF Conv-CRF SegNet PAC-CRF PAC-CRF SegNet
Conv-CRF PAC-CRF

FIGURE 3.4: Dense material segmentation results for Kitchen image and Living Room
image. The sparsely labelled images are taken from LMD, and densely labelled with
all known material categories manually.

3.6 Conclusion

This chapter proposed a hybrid network architecture and training procedure to com-
bine contextual features and material features. The effectiveness of the CAM-SegNet is
validated with boundary contextual features. It is showed that the combined features
can help the network to recognise materials at different scales and assign the pixels
around the boundaries to the correct categories. However, the patch size is fixed when
extracting the material features. This may not be the best choice for all the images since
the areas that materials can cover vary within and across images. In consideration of
this problem, in Chapter 4, the DBAT is proposed to aggregate features extracted from

cross-resolution patches to improve the material segmentation performance.
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3
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Image Dense LMD SACAM-SegNet

FIGURE 3.5: Dense material segmentation results for SACAM-SegNet, refined with
Conv-CRE
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FIGURE 3.6: Dense material segmentation results for BCAM-SegNet, refined with
Conv-CREF. The self-training approach is repeated three times.
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Chapter 4

DBAT: Dynamic Backward
Attention Transformer for Material
Segmentation with
Cross-Resolution Patches

This chapter introduces the contributions of my second-year PhD research, a single-
branch network DBAT that can learn from cross-resolution image patches to make ma-
terial predictions. This research is built on the first-year contribution, CAM-SegNet,
with the goal of addressing its two main drawbacks: 1. the computational cost is dou-
bled due to the use of multiple branches for learning both contextual and material fea-
tures, and 2. the fixed patch resolution used for learning material features may not be
optimal for all images. The structure of this chapter is similar to Chapter 3, which fo-

cuses on the methodology and experiment analysis.

4.1 Research Question and Motivation

This chapter aims to address the research question of how to effectively learn material
features from cross-resolution image patches using a single-branch network architec-
ture. The work in Chapter 3 and in (Schwartz and Nishino, 2020, 2016; Schwartz, 2018)
indicate that the material features extracted from image patches can generalise the net-
work to unseen images and achieve acceptable performance on material segmentation
task. However, the resolution of the image patches is fixed, which may not be the best
choice to extract material features. As affected by the camera working distance d,, and
FoV, the areas that materials cover vary within and across images. Ideally, small patch
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resolution should be applied to the boundary between materials, and large patch reso-
lution can be used to cover as much information as possible for the region belonging to

a single material.

4.2 Overview

Instead of searching for a fixed patch resolution, this chapter devises a simple yet ef-
fective transformer architecture, DBAT, to aggregate cross-resolution features. Inspired
by the hierarchical architecture of Swin transformer (Liu et al., 2021b), which gradually
merges image patches to get a global view, the DBA module is proposed in Section 4.3.1
to aggregate the intermediate features extracted from image patches with different res-
olutions. Concretely, a transformer feature map from a shallow layer contains features
extracted from local patches (Raghu et al., 2021), especially when using window-based
self-attention. The proposed DBAT merges adjacent patches at each transformer stage
to enlarge the patch resolution, and aggregates multiple intermediate feature maps so
that it can identify the materials with cross-resolution patch features. To cope with the
flexibility of dy, and FoV, a set of pixel-wise attention masks, which represent the de-
pendency on each patch resolution, are predicted in the DBA module to dynamically
aggregate the feature maps. These masks are calculated from the deepest feature map
(Mapy in Figure 4.2) since it holds a relatively global perspective of the input image.
Before feeding the aggregated feature into the decoder, Section 4.3.2 further proposes
a feature merging module which ensures the aggregated feature can learn complimen-

tary features through an attention-based residual connection.

The effectiveness of the proposed DBAT is examined through a comparison with well-
known segmentation networks that can achieve real-time performance (at least 24 frames
per second). The DBAT beats SOTA real-time models when evaluated on the sparsely
labelled LMD (Schwartz and Nishino, 2020) and OpenSurface Database (Bell et al.,
2013a). In particular, with modern optimisation strategies such as learning rate warm-
up (Gotmare et al., 2018) and polynomial decay (Mishra and Sarawadekar, 2019), the
DBAT reaches an average Pixel Acc of 86.85% on LMD, which is 21.21% higher than
CAM-SegNet in Chapter 3, and outperforms the second-best model in this chapter by
2.15%.

4.3 Dynamic Backward Attention Transformer

This section explains the DBAT structure in detail. As shown in Figure 4.1, the DBAT
consists of three modules: the backbone encoder, the dynamic backward attention

module, and the feature merging module. The encoder is responsible for extracting
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FIGURE 4.1: The architecture of the Dynamic Backward Attention Transformer. The
symbol ) © represents the sum of element-wise production.

cross-resolution feature maps with window-based attention and patch merging. The
proposed DBA module predicts per-pixel attention masks to aggregate the cross-resolution
feature maps extracted from the encoder. The feature merging module guides the DBA
module to extract features that are complementary to the last stage encoder output,
which holds a global view of the image. Finally, the merged features, which have both
enhanced cross-resolution features as well as global features, are passed into a segmen-

tation decoder to make the material predictions.

4.3.1 Dynamic Backward Attention

The DBA module depends on a backbone encoder to extract feature maps from cross-
resolution patches. There are multiple approaches to design the encoder. One pos-
sible choice is to employ multiple branches that learn from varying-sized patches,
sharing the features during training, and tuning the number of trainable parameters
with the patch size. Another option is to utilise non-overlapping Conv kernels (Ya-

manakkanavar and Lee, 2020) and enlarge the patch size through a pooling layer.

This research chooses the transformer as a suitable encoder to extract cross-resolution
patch features, as it is inherently designed to process image patches (Dosovitskiy et al.,
2020) and demonstrates promising results for vision tasks (Dosovitskiy et al., 2020; Liu
etal., 2021b,a; Radford et al., 2021). Another reason is that, according to recent research
(Raghu et al., 2021), the self-attention module can adapt its equivalent attention dis-
tance by varying the weights of each pixel. In this study, the equivalent attention dis-
tance is defined as the average Euclidean distance between two pixels, weighted by the
attention weight. If the predictive accuracy on the training set improves by increasing
the attention weights of neighbouring pixels, the network is considered to prefer local
features. By allowing the network to choose from a large number of patch sizes through
attention weights, the DBAT encoder can efficiently encode features at different resolu-

tions, despite undergoing only four stages, which will be discussed in Chapter 5.

Figure 4.2 shows the way the DBA module aggregates the cross-resolution features.

With the assumption that the features at each transformer stage can preserve spatial
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FIGURE 4.2: Structure of the DBA module. It performs a weighted sum across the

feature maps, Mapj 34, to produce the aggregated feature. The weights are dynam-

ically estimated based on the input image through the attention module, which takes

the fourth feature map Map, as input. The sum @ and product ® operations are per-
formed element-wise.

location information (Raghu et al., 2021), this section proposes to aggregate these fea-
tures through a weighted sum operation for each pixel of the feature map. For stage
i, the feature map spatial size can be computed as ( 2521-, zzvzi), where H and W are
the input image height and width. The attention weights Attn; are predicted from the

last feature map, Maps with a 1x1 Conv layer. To perform the aggregation operation,
it is necessary to normalise the attention weights with SoftMax operation so that the
weights across the masks sum to 1 at each pixel location. It is worth noting that the
spatial shapes of the feature maps should be the same in order to perform the pixel-
wise product between Map; and Attn;. Moreover, the shapes of Attn; should be the
same as well to normalise the per-pixel attention masks. This section sets Attn; to be
the same size as Map,, and downsamples Mapi 3 to the shape of Map, so that the
computation and memory overhead can be minimised. The attention mechanism is ex-
pressed by Equation (4.1). Here the product ® and sum ) operations are all performed
element-wise.
i=4

Aggregated Feature = i Attn; © Map; (4.1)
i=1

4.3.2 Feature Merging Module

Although the DBA module aggregates cross-resolution features, it is not guaranteed
that the aggregated features can improve network performance. Moreover, it is not
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FIGURE 4.3: The feature merging module. It merges the relevant cross-resolution in-
formation from the aggregated patch feature into Mapy, through the window attention
mechanism and residual connection.

desired to drop all global or semi-global features since they can limit the possible ma-
terial categories in a given context (Schwartz and Nishino, 2016). Therefore, the feature
merging module is proposed to guide the DBA module to enhance the local features
without losing the original backbone features. This module consists of a global-to-local
attention as well as a residual connection (He et al., 2016). The simple residual con-
nection, e.g. Merged Feature = Map, @© Aggregated Feature, can ensure the DBA mod-
ule learns complementary features. However, this simple addition operation would
over-emphasise Map, and break the DBA module which aggregates features linearly.
Therefore, this section chooses to bring in non-linear operations with the global-to-local
attention (Shen et al., 2022; Liu et al., 2021b; Tu et al., 2021; Xu et al., 2019), which identi-
fies the relevant information in the aggregated cross-resolution patch features through
attention mechanism, and merges it into Mapy, as illustrated in Figure 4.3. The query
matrix Q is predicted from Map, and it is applied to the key matrix K from the aggre-
gated features. The matrix multiplication (represented by the @ symbol) between KT
and Q produces the attention alignment scores. Then the scores are normalised with
SoftMax to extract relevant information from the value matrix V. Here the window-
based attention in (Liu et al., 2021b) is used as well. With the DBA module and the
feature merging module, the mechanism of DBAT can be described as enhancing the
material-relate local features by injecting cross-resolution patch features into Mapy.

4.4 Experiment Configurations

This section gives a detailed explanation of the material segmentation datasets and
network configurations. While Chapter 3 serves as the foundation for this chapter, the
specifics diverge significantly. Notably, a new dataset named OpenSurfaces is utilised
in this chapter, and the network training approach is different.
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4.4.1 Material Segmentation Datasets

The present study evaluates the proposed DBAT using two datasets, namely LMD
(Schwartz and Nishino, 2016, 2020; Heng et al., 2022b) and OpenSurfaces (Bell et al.,
2013a). LMD comprises 5,845 low-resolution images acquired from indoor and out-
door sources, which have been manually labelled with 16 mutually exclusive material
classes. On the other hand, OpenSurfaces contains 25,352 high-resolution indoor im-
ages labelled with 45 material categories. However, both datasets suffer from sparsely
or coarsely labelled segments, as labelling images with material labels presents a sig-
nificant challenge (Heng et al., 2022b; Schwartz and Nishino, 2016). One of the key
difficulties faced by annotators is that materials are often treated as properties of ob-
jects (Bell et al., 2013a; Schwartz and Nishino, 2016). Consequently, material segments
tend to be labelled within object boundaries, which is undesirable as the material re-
gion should be marked independently of its context. For instance, when annotating
a scene depicting a wooden bed on a wooden floor, the wood segment should ignore
the object boundary and cover all wood pixels. Additionally, OpenSurfaces is highly
unbalanced, with only 27 out of the 45 material classes having more than 60 samples.
Among all the samples, 39.44% are segmented as 'wood' or "‘painted’. These limitations
make the evaluation on OpenSurfaces less reliable compared to that on LMD. There-
fore, this study mainly focuses on LMD, and the evaluation on OpenSurfaces will be
presented as an additional piece of evidence. Notably, a recent dataset, MCubeS (Liang
et al., 2022), has been proposed to perform material segmentation on outdoor images
using multimodal data such as imaging with near-infrared and polarised light. How-
ever, since this study concentrates on material segmentation using indoor RGB images,
the evaluation of MCubeS is not included in this chapter.

4.4.2 Evaluation metrics

In this section, the networks are evaluated with three metrics: Pixel Acc, Mean Acc,
and mloU. As discussed above, the material annotations may not cover the whole ma-
terial region. As a consequence, the mloU numerator would be much smaller than it
should be. This situation is especially severe for LMD which was annotated sparsely
on purpose (Schwartz and Nishino, 2016, 2020). Therefore, the mlIoU is not reported
for LMD. In addition to evaluating segmentation performance, this chapter reports the
resources required for each model, including #params and #flops per forward propaga-
tion. To select model variants for evaluation, this chapter sets a selection criterion with
the frames per second (FPS). The model variants that can support real-time inference
(FPS larger than 24) are compared with the DBAT in this chapter.
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4.4.3 Implementation details

The networks reported in Section 4.5 are pre-trained on ImageNet (Deng et al., 2009).
This pre-training step is expected to teach the network with prior knowledge about
contextual information such as scenes and objects. According to Schwartz and Nishino
(2016), contextual information can reduce the uncertainty in material segmentation.
Therefore, the network should learn material features more efficiently with a pre-training
strategy. The details will be discussed in Chapter 5. For the Swin backbone, its imple-
mentation follows the original paper and the window size of the self-attention is set to
7. The decoder used in this chapter is the FPN Lin et al. (2017a) for the reason that it

can recognise small material regions well, as shown in Chapter 3.

As for the training process, it is noticed that networks may not perform well on LMD
in Chapter 3. One possible reason is the use of the Adam optimiser, which is proven
to impair the generalisation ability of networks (Wilson et al., 2017). To boost the net-
work performance to the SOTA level, three advanced technologies were adopted: the
AdamW optimiser (Loshchilov and Hutter, 2018), the linear learning rate warm-up (Ma
and Yarats, 2021), and the polynomial learning rate decay (Ge et al., 2019). This chapter
uses the AdamW optimiser to train the networks with batch size 16, coefficients 51 0.9,
B2 0.999, and weight decay coefficient 0.01. Further, the learning rate is warmed-up
from 0 to 0.00006 with 1,500 training steps, and decreased polynomially. The networks
are trained on LMD for 200 epochs and on OpenSurfaces for five days. Furthermore, as
LMD images have various resolutions, the training images are resized first so that the
minimum borders are equal to 512. The resized images are then cropped into 512 x 512
patches to use batch training (Mu, 2014) and facilitate batch normalisation (Santurkar
etal., 2018).

4.5 Segmentation Performance Analysis

4.5.1 Quantitative Analysis

Table 4.1 reports the segmentation performance of the DBAT as well as five other mod-
els, ResNet-152 (He et al., 2016), ResNest-101 (Zhang et al., 2020a), EfficientNet-b5
(Tan and Le, 2019), Swin-t (Liu et al., 2021b), and CAM-SegNet from Chapter 3. Their
heaviest variants that can serve real-time inference are evaluated apart from the CAM-
SegNet. Although the CAM-SegNet does not meet the real-time selection criterion, it is
the most recent architecture at the time for the RGB-based material segmentation task.
It is noticed that its architecture is suitable for the DBA module since it has a dedi-

cated local branch. Therefore, in this chapter, its local branch is equipped with the DBA
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Datasets LMD OpenSurfaces -

Architecture Pixel Acc (%) Mean Acc (%) | Pixel Acc (%) Mean Acc (%) mloU (%) | #params (M) #flops (G) FPS
ResNet-152 80.68+£0.11  73.87+025 | 83.11+0.68 63.13+0.65 5098 +1.12 60.75 70.27 31.35
ResNeSt-101 8245+ 020 75314+ 0.29 8475+ 057 6576 =132 53.74 £ 1.06 48.84 63.39 25.57
EfficientNet-b5 83.17 £ 0.06  76.91 & 0.06 84.64 034  65.41 +044 53.79 £0.54 30.17 20.5 27.00
Swin-t 8470 £ 026  79.06 £ 0.46 85.88+ 027  69.74+1.19 57.39 £0.54 29.52 34.25 33.94
CAM-SegNet-DBA | 86.12+0.15  79.85 £ 0.28 86.00 & 0.64 69.61 +1.08 57.52 +1.44 68.58 60.83 17.79
DBAT 86.85 = 0.08  81.05 £ 0.28 86.43 0.02  69.18 = 0.08  57.57 £ 0.06 56.03 41.23 27.44

TABLE 4.1: Segmentation performance on the LMD and the OpenSurfaces. The FPS

is calculated by processing 1000 images with one NVIDIA 3060ti. The uncertainty

evaluation is reported by training the networks five times. The best performance is
shown in bold text and the second best is underlined.

module and its performance is reported as the CAM-SegNet-DBA !. The evaluations
are reported across five independent runs. The metric differences are reported in the
order (Pixel Acc/Mean Acc/mloU) with the additive method.

As shown in Table 4.1, the DBAT achieves the best accuracy on LMD among all the
real-time models in terms of Pixel Acc and Mean Acc. Specifically, the DBAT achieves
+0.85%/+1.50% higher than the second-best model, CAM-SegNet-DBA. It is also +2.54%
/+2.52% higher than its backbone encoder, Swin-t. As for the OpenSurfaces, the DBAT
beats the chosen models on Pixel Acc and mloU. Moreover, its performance is compa-
rable to the multi-branch CAM-SegNet-DBA (+0.50% /-0.62%/+0.09%) with 9.65 more
FPS and 19.6G fewer FLOPs. It is worth noting that compared with the performance
reported in Chapter 3 of CAM-SegNet, the DBAT improves the Pixel Acc by 21.21%.
Moreover, the per-category analysis in Table 4.2 shows that the DBA module improves
the recognition of materials that usually have uniform appearances but varying shapes,
such as paper, stone, fabric and wood. This indicates that the cross-resolution features
successfully learn from distinguishable material features.

As shown in Figure 4.4, the DBAT can segment the materials consistently to achieve
narrow uncertainty bounds, especially for the category foliage from LMD. Unlike the
other five models, almost all the reported runs of the DBAT are within the upper and
lower whiskers except for the category asphalt and metal. For the evaluations on Open-
Surfaces shown in Figure 4.5, the uncertainty bounds of the proposed DBAT are much
narrower compared with other models (£0.02 p.p. for Pixel Acc, £0.08 p.p. for Mean
Acc and = 0.06 p.p. for mloU)?. This indicates that the DBAT is robust to the network
initialisation and can learn from image patches effectively. The CKA similarity score,
which is 0.9583 for the DBAT, is calculated and averaged for every two checkpoints of
the five individually trained networks to support this deduction.

IThe CAM-SegNet-DBA is implemented by replacing the original local branch by a combination of
non-overlapping Conv kernels and MLP. The patch resolution is enlarged by concatenating features within
the kernel size.

2Here p.p. stands for the percentage points.
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Model ‘ResNet—lSZ ResNeSt-101  EfficientNet-B5 Swin-t CAM-SegNet-DBA DBAT

Asphalt (4.87) | 88.66 +0.17 94.35 £+ 0.27 8217 +£280 91.83 £1.09 89.87 £1.94 88.66 £ 0.72
Ceramic (2.95) | 65.29 +£3.19 62.86 £ 0.67 7334 +£042 7535+ 0.42 75.01 + 0.64 68.31 £ 1.31
Concrete (4.73) | 50.89 +1.67 60.53 £ 2.00 59.36 £2.98  57.42 +4.88 69.20 + 2.81 66.90 + 1.07
Fabric (10.96) | 85.53 £0.22 86.420+£0.92 8533 +£020 88.71 £0.50 90.79 £ 0.43 93.14 £ 0.16
Foliage (15.43) | 93.55 £0.33 91.25+1.16 88.21 £0.32  95.57 + 0.45 94.04 £+ 0.79 95.35 £ 0.12
Food (10.03) | 90.27 £0.22 94.96 + 0.34 95.84 £0.14 9251 +0.83 95.19 £ 0.24 93.27 £0.22
Glass (1.94) 7258 £250 68.33 £0.34 7783 £094 7795+ 0.99 84.88 + 1.11 73.27 £0.67
Metal (6.17) 7535+ 094 80.66 £ 0.34 76.67 £028  81.54 +1.36 81.83 £+ 0.48 79.99 £ 0.51
Paper (1.76) 64.52 £2.87 71.14 +1.99 7721 £0.13  63.05 £ 1.90 66.48 +1.43 73.83 £ 0.67
Plaster (2.54) | 68.01 £0.53 78.76 + 0.62 7311 £ 064 7812+1.90 7237 £1.03 7143 £0.71
Plastic (1.47) | 34.87 £1.21 36.07 +3.42 39.59 £0.64 51.64£131 52.07 £ 2.28 50.62 £ 1.45
Rubber (1.08) | 77.08 +3.61 79.57 + 1.62 69.73 £0.29  83.48 £ 0.67 81.63 £1.79 82.61 +£1.01
Soil (8.22) 7327 £1.63 73.15+£2.67 79.73 £ 0.55 76.89 + 1.11 80.39 £1.73 84.25 £ 0.50
Stone (3.13) 69.66 £1.42 52.12 +0.93 70.07 £0.76  73.056 +£1.92 60.73 £ 2.76 86.94 £ 0.95
Water (11.17) | 9549 £0.33 97.54 £+ 0.28 9530 £0.32  95.78 £ 0.70 94.95 £ 0.69 97.12 £0.10
Wood (13.54) | 76.05 +1.08 76.71 £1.23 86.69 +£024  82.03 +1.11 87.63 £ 0.98 90.53 + 0.37

Pixel Acc 80.68 £0.11  82.45+0.20 8317 £0.06 8471 £0.26 86.12 + 0.15 86.85 £ 0.08
Mean Acc 73.87 £025 7531 £0.29 7691 £0.06  79.06 £ 0.46 79.85 £ 0.28 81.05 £ 0.28

TABLE 4.2: Per-category performance analysis in terms of Pixel Acc (%). The networks

are trained five times to report the uncertainty. The metrics are reported in percent-

ages. The number after the material category is the pixel coverage (in percentage) of
each material in the dataset.

4.5.2 Qualitative Analysis

Figure 4.6 shows the predicted material segmentation for three images. In Figure 4.6
(a), ResNet-152 (He et al., 2016), ResNest-101 (Zhang et al., 2020a), Swin-t (Liu et al.,
2021b), and the modified CAM-SegNet-DBA segment the bed as fabric, the floor as
plaster. However, in this image, the floor appears to be covered with a carpet whose
material is fabric. One possible explanation is that for the scene bedroom, the floor
and wall are typically covered with plaster. These networks fail to make predictions
based on material features, but rely on contextual information, so they tend to use plas-
ter as a label for predictions. The proposed DBAT and the EfficientNet-b5 (Tan and
Le, 2019) break the object boundary and segment part of the floor as fabric. More-
over, there are fewer noisy pixels in the DBAT segmented image when compared with
the EfficientNet-b5. This indicates that with cross-resolution patch features, the DBAT
can identify materials densely and precisely even if it is trained on a sparsely labelled
dataset.

The segmented materials in Figure 4.6 (b) and Figure 4.6 (c) provide more evidence that
the DBAT can segment the images well with features extracted from cross-resolution
patches. In Figure 4.6 (b), the boundary between the wooden window frame and glass-
made windows in DBAT segmented image is more adequate than the segments pre-
dicted by other networks. In Figure 4.6 (c), the segmented fabric aligns well with the
ground truth with no noisy predictions. Considering that the training of DBAT takes
sparsely labelled segments, it is reasonable to say that DBAT learns the difference be-
tween materials from cross-solution patches.
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FIGURE 4.4: Boxplot of the performance on the LMD across five runs.
4.5.3 Ablation Study

This section studies the effectiveness of each component of the DBAT. In Table 4.3,
the performance is reported after removing the feature merging module and the DBA
module in sequence. Without the feature merging module, the Pixel Acc and Mean
Acc decrease by 1.61p.p. and 2.04 p.p. respectively. This shows the importance of
the attention-based residual connection in improving performance. The performance
drops by another 0.72p.p. in Pixel Acc and 0.13 p.p. in Mean Acc after removing the
DBA module. This shows that the DBA module that learns complementary cross-
resolution features guided by the feature merging module can improve performance

effectively.

In order to justify the network design, this section further studies the alternative imple-
mentations of the DBAT from three aspects: 1) how the attention masks are predicted; 2)
how the feature maps are downsampled; 3) how aggregated features are merged with
Map,. The performance differences in Table 4.4 are reported by switching one of the
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FIGURE 4.5: Boxplot of the performance on the OpenSurfaces across five runs.
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(a) Segmented Images for Bedroom
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FIGURE 4.6: Predicted segmentation of three scenes.
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Architecture ‘ A Pixel Acc A Mean Acc
- Feature merging -1.61 -2.04
- Dynamic backward attention -2.33 -2.17

TABLE 4.3: The ablation study to analyse each component of the DBAT. The perfor-
mance difference is reported in percentage points.

implementations in DBAT to its alternatives. As stated in Section 4.3.1, the proposed
DBAT adopts convolutional kernels to generate the per-pixel attention masks (Chen
et al., 2020b). By replacing the kernels to dilated ones (Wei et al., 2018), the receptive
field is enlarged when predicting the masks. However, the DBAT performance de-
creases significantly by —2.15p.p./—2.67 p.p.. This indicates that the local information
is critical for the dynamic attention module to work well. Section 4.3.1 describes that the
cross-resolution feature maps need to be downsampled so that the fixed-size attention
masks can be applied. Originally DBAT uses the MLP to downsample the feature map.
Instead of using such a trainable method, the network can also use a superficial non-
parametric pooling layer, which decreases the performance by —0.88p.p./—1.58 p.p..
The slight drop in Pixel Acc and the significant drop in Mean Acc suggest that the
trainable downsampling method can help balance the performance of different mate-
rial categories. As for the feature merging module, a simple residual connection slightly
reduces the performance by —0.58 p.p./—0.64 p.p.. This highlights that DBAT needs a
residual connection to guide the aggregation of cross-resolution features and the repre-

sentation capability of the feature merging module may not be vital.

Implementation Choices ‘ A Pixel Acc A Mean Acc
Generate .
Attention Masks CNN —> Dilated CNN -2.15 -2.67
Downsample ‘ MLP —> Average Pooling ‘ -0.88 -1.58
Feature Merging | Attention —> Residual Connection | ~ -0.58 -0.64

TABLE 4.4: The study of implementation choices in each component of the DBAT. The
performance difference is reported in percentage points.

4.6 Conclusion

This chapter presented a novel single-branch network that dynamically enhances ma-
terial features by aggregating cross-resolution patch features. The proposed DBAT
outperforms selected real-time models on two datasets and achieves comparable per-
formance with lower computational cost compared to the multi-branch CAM-SegNet.
While the network performance has been improved by learning from image patches fol-
lowing the patch learning assumption (Schwartz and Nishino, 2020), it is still unclear
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what features the network learns to make material predictions since understanding the
network behaviour using human-understandable concepts remains a challenging task.
Rather than focusing solely on improving material segmentation performance, the next
chapter will investigate the interpretation of material features learned by the network.
This will be accomplished by comparing them with features extracted from different
tasks, such as object segmentation, and visualising attention masks, CKA heatmaps,

and using network dissection methods.



63

Chapter 5

Network Behaviour Analysis and
Feature Interpretability of the DBAT

Similar to other network-based methods, the DBAT faces challenges in terms of in-
terpretability. Ascertaining whether the network genuinely acquires material features
through numerical evaluation or segmentation visualisation is a complex task. There-
fore, this chapter further endeavours to interpret the network behaviour of the DBAT
using statistical and visual tools, such as calculating the attention head equivalent patch
size, visualising attention masks, and assessing the CKA heatmap (Nguyen et al., 2020;
Raghu et al., 2021). In order to interpret the features with human-readable concepts,
this chapter also employs the network dissection method (Zhou et al., 2018; Bau et al.,,
2017, 2019, 2020) to identify the features learned by the network by aligning layer neu-
rons with semantic concepts. By analysing the semantic concepts of the extracted fea-
tures, this chapter illustrates that the DBAT excels in extracting material-related fea-
tures, such as texture, which is an essential property for distinguishing between various
materials. By comparing the semantic concepts of features extracted by other networks
trained with either material or object datasets, the results also indicate that the network
architecture can influence the extracted features, and the patch-based design is indeed

effective in compelling the networks to segment images based on material features.

5.1 Research Question

This chapter investigates the research question of how networks learn to make material
predictions by studying the features they extract. The research question is centered on

the process of feature learning in material segmentation tasks.
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FIGURE 5.1: The CKA matrix where each position measures the similarity between the
features extracted by two arbitrary layers. The brighter the colour is, the more similar
features these two layers extract.

5.2 CKA Heatmap Analysis

This section teases apart the network behaviour through the CKA matrix (Nguyen
et al., 2020; Raghu et al., 2021). Figure 5.1 visualises the CKA heatmap of the DBAT
in (a) and the cross-model heatmap between DBAT and Swin in (b). The layers are in-
dexed by the forward propagation order. Before layer 106, the DBAT shares the same
network architecture as the Swin. The bright line in (b) connecting (0, 0) and (105, 105)
gets darker when approaching point (105, 105). This indicates that the Swin backbone
in the DBAT extracts similar features to when used alone at shallow layers and grad-
ually learns something new when approaching deeper layers. The dark region in (a)
from layer 106 to 113 reflects the attention masks predicted by the DBA module. By
gathering the cross-resolution feature maps, the aggregated features contain informa-
tion from both shallow and deep layers, illustrated by the bright region between layer
113 and 124. After layer 124, the feature merging module combines the relevant in-
formation from the aggregated features into Map,, which is extracted from layer 106.
This module produces a feature map that differs from the feature extracted by Swin, as
shown by the points around (140, 100) in (b).

5.3 Attention Analysis

This section analyses the dynamic attention module by visualising the attention masks
and calculating their descriptive statistics, including the average attention weights as
well as the equivalent attention patch resolutions. Figure 5.2 shows the attention masks
for images in the LMD test set. From Attn; to Attny, the patch resolution increases. It
is discovered that the material covering multiple small objects or a small area tends to
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Attnl Attn2 Attn3 Ati’?’l4 GT

FIGURE 5.2: Attention mask visualisation. GT: ground truth. The densely labelled
ground truth images are collected from DLMD in Chapter 3.

depend on the features extracted from small patch resolution. For example, the first
column images in Figure 5.2 highlight the regions that the network concentrates on.
The wooden area in the first row covers both the desk and the floor. The wooden
chairs and the fabric floor are mutually overlapping in the second row. These objects
or material regions are mutually overlapping, and small patches can isolate them and

learn features at the boundaries.

Figure 5.3 shows the average attention weight in (a) and the equivalent patch size in
(b, the box plot). The equivalent patch size, which represents the attention distance of
each attention head, is calculated by transforming the attention diagonal distance in
(Raghu et al., 2021) to the side length of a square. For a single pixel in the feature map
at position i, j, its equivalent patch size can be calculated as:

1 k=HI=W
patch size;; = | > Y. Y SoftMax(KTQ)y; x \/(k —i)24 (I —j)2 (5.1)
k=0 1=0

where H, W are the height and width of the feature map, and SoftMax(K'Q)y; is the
dependency from the self-attention module for pixel i, j on pixel k,I. As expected, the
aggregated features mostly (52.40%) depend on Attns, which is thoroughly processed
by the whole backbone encoder, with an average patch size of 74.31. Apart from Attny,
the aggregated features also depend on feature maps extracted from small patch sizes.
For example, Attns is extracted from an average patch size of 31.68, and it contributes
30.50% to the aggregated features. Although Attn; is gathered from a shallow stage
of the network, the aggregated features still depend on it to handle the overlapping
material regions with a patch size of 6.75 on average.

To further illustrate the effect of the dynamic backward attention module, the similarity
scores comparing one layer with Mapi 534 from the CKA matrix is reported in Figure
5.3. (b, the line plot). The blue line compares Map, from the Swin encoder, and the
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FIGURE 5.3: The descriptive analysis of attention weights.

orange line compares the aggregated features from the DBAT. The increased similarity
scores against Map; »3 clearly show that the aggregated feature depends on informa-

tion from shallow layers.

5.4 Network Dissection

The network dissection method aligns the disentangled neurons of one network layer
to semantic concepts (Bau et al., 2017, 2019). By counting the portion of neurons aligned
to each concept, it is possible to give an understanding of what features the network
learns. This chapter studies local concepts such as colour, texture and part, as well as
global/semi-global concepts like object and scene. The neurons of the last encoder layer
are selected to be analysed since they are more interpretable than shallow layers (Bau
et al., 2017, 2019). Figure 5.4 (a) depicts how pre-training influences the features that
the DBAT learns. Without pre-training, DBAT (the green line in Figure 5.4) has shown
a preference for texture features, and a portion of its neurons can detect object and
scene features. As shown by the dotted blue line, the Swin backbone (Liu et al., 2021b)
trained with ImageNet (Martinez-Domingo et al., 2017) tends to detect object features.
The DBAT has more neurons aligned to texture and object features when trained with a
pre-trained backbone, shown as the purple line. The observations indicate two aspects:
(1) the DBAT relies on texture features to solve the material segmentation task. (2) the
pre-trained object detectors reduce the uncertainty in identifying materials and ease the

training of texture detectors.

This chapter further analyses the feature difference between material and object tasks.
In particular, Swin (Liu et al., 2021b) is trained with two object-related datasets: the
ImageNet (Deng et al., 2009), an object classification dataset, and the ADE20K (Zhou
et al., 2017, 2019a), an object-level segmentation dataset. As shown in Figure 5.4 (b),
the significant difference is the lack of texture features in object-related tasks. This
discovery highlights that enhancing features hidden in patches is a valid heuristic to

improve the network performance on the material segmentation task.
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FIGURE 5.4: The analysis of the training process of the DBAT by counting the percent-
age of disentangled neurons aligned to each semantic concept.
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FIGURE 5.5: The comparison between networks trained for object and material tasks,
in terms of the percentage of neurons aligned to each semantic concepts.

Figure 5.5 dissects three more networks: ResNet-152 (He et al., 2016), ResNest-101
(Zhang et al., 2020a), EfficientNet-b5 (Tan and Le, 2019) on both material and object
tasks. An interesting discovery is that although these networks achieve comparable
performance, the features that they learn are different. For example, the ResNet-152
relies on texture features on both tasks and it learns more part-related features on ma-
terial task compared with object task. Although three of the networks in Figure 5.5 learn
texture features on the material task, a special exception is the EfficientNet-b5, which
knows almost nothing about texture for both tasks. This phenomenon goes against the
intuition that networks targeting material segmentation should learn texture features
well since texture describes the appearances of materials. One reasonable explanation
is that assigning material labels to object or object parts can cover the labelled material
region and achieves a high accuracy since these material datasets are sparsely labelled.
Therefore, this study calls for densely labelled material segmentation datasets for reli-
able evaluation and analysis.

The network dissection method provides a concise summary of the portion of neurons
aligned to each concept. In addition to these numbers, it would be interpretable to
visualise the regions where the filters are activated. In Figure 5.6, one example of the
activated filters for the material fabric is visualised. The activation condition is intro-
duced in Section 2.6.2. The blobs covering less than 200 pixels have been excluded for
clarity. Remarkably, the filter exhibits activation across distinct objects featuring the
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(A) Activated Re- (B) Overlaid Regions (¢) Ground Truth
gions

FIGURE 5.6: The activated regions (shown as white) of one filter.

same material. This suggests that the network has acquired information that is not
dependent on specific shapes or instances, highlighting its ability to learn shape- and

instance-agnostic features.
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Chapter 6

MatSpectNet: Material
Segmentation Network with
Domain-Aware and
Physically-Constrained
Hyperspectral Reconstruction

After demonstrating in Chapter 4 that learning features from cross-resolution patches
can enhance network performance, and in Chapter 5 that patch training strategy (Schwartz
and Nishino, 2020) can improve the network ability to learn material-related features,
it became evident that controlling the features that a network implicitly learns for mak-
ing predictions is not trivial. In order to learn material features, it is necessary to
make strong and proper assumptions about the materials involved to design the net-
works. However, although the network improves the segmentation performance, these
assumptions may not be confirmed as valid unless they are interpreted by semantic la-
bels, which is also limited to the number of semantic concepts available. Therefore,
during the third year of my PhD study, the research focus shifted towards explicitly
learning material features using material property measurement methods. The pro-
posed MatSpectNet leverages hyperspectral reconstruction method to recover the cor-
responding hyperspectral images from RGB images, which explicitly measures the op-

tical properties of materials.
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6.1 Research Question and Motivation

The focus of this chapter is to explore the research question of how to learn material
features explicitly from hyperspectral images in situations where only RGB images are
available. Although recent studies indicate that it is possible to achieve acceptable per-
formance with annotated RGB datasets (Heng et al., 2022b,a; Schwartz, 2018; Schwartz
and Nishino, 2020; Bell et al., 2015a), the experiments in (Liang et al., 2022; Mao et al.,
2022) show that additional measurements of light such as near infra-red and laser beam
reflection can distinguish materials more robustly. The theory is that the spectral pro-
tile of reflected electromagnetic waves is unique to various materials (Saragadam and
Sankaranarayanan, 2020; Lichtman and Conchello, 2005; Colthup et al., 1990). Since
spectral cameras (Behmann et al., 2018) can capture the spectral profile of surface ma-
terials, it is feasible to use the hyperspectral images they produce for material segmen-

tation.

While hyperspectral imaging has been widely used in geoscience and remote sensing
(Zhong et al., 2016; Kalman and Bassett III, 1997; Li et al., 2022b; Xue et al., 2021; Mehta
etal., 2021; Liu et al., 2019a) over twenty years, the cost of collecting hyperspectral im-
ages hinders its widespread adoption in material segmentation for daily scenes (Stuart
etal., 2022). A spectral camera can take a long acquisition time to scan a megapixel hy-
perspectral image with sufficient signal-noise ratio since the same amount of light has
to be sampled at hundreds of wavelength bands (Behmann et al., 2018; Zhang et al.,
2019a). This problem necessitates concessions in image spatial and spectral resolution.
In addition, the ambient light should be able to cover the entire operating spectrum
range, so the spectral camera should be used under daylight or halogen-based illumi-
nation. Before taking the hyperspectral images, the camera has to be calibrated with
the measurement of black and white reference samples to analyse the material reliably
(Behmann et al., 2018; Shaikh et al., 2021). The stringent lighting requirements further
restrict the application of hyperspectral images in indoor and motion scenes.

6.2 Overview

In order to make spectral information more accessible for computer vision applications,
researchers have been working on recovering spectral information from more easily ob-
tainable data sources, such as RGB images (Arad et al., 2022). Over the past three years,
several methods (Li et al., 2020; Hu et al., 2022; Cai et al., 2022c) have successfully im-
proved the accuracy of reconstructed hyperspectral images. However, it remains un-
clear how these methods generalise to images captured by different camera models,
as this aspect has not been explicitly investigated. In consideration of this problem,
this chapter proposes a novel MatSpectNet to enhance the quality of recovered hyper-

spectral images on material datasets lacking RGB-hyperspectral image pairs. Figure
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FIGURE 6.1: The overarching structure of the proposed MatSpectNet. It comprises two

primary components: (a) Recovering the hyperspectral image from the RGB image by

leveraging the physical camera model, and (b) Extracting material characteristics from
the spectral channel through a combination of trainable filters and observations.

6.1 shows that the proposed MatSpectNet consists of two main sections. The network
tirst learns to recover the hyperspectral images with the physical model of the cam-
era, which serves as a constraint to ensure that the hyperspectral images preserve their
physical property (Section 6.3.1, 6.3.2, illustrated in Figure 6.1, (a)). Then the recov-
ered hyperspectral images are processed using interpretable spectral filters followed
by a MLP and combined with other observations such as roughness to improve the
segmentation quality (Section 6.3.3, 6.4, shown in Figure 6.1, (b)). The corresponding
segmentation decoder will be introduced in Section 6.5.4.

6.3 Material Hyperspectral Network

This section introduces the components of the proposed MatSpectNet. Similar to the
CAM-SegNet in Chapter 3, the training procedure of MatSpectNet is complicated and
requires more space to introduce the loss terms and understand the network. Therefore,
the training strategies are also included in this section.

6.3.1 Physically-Constrained Spectral Recovery

The spectral recovery network learns the transformation from an sRGB image x € X
to its corresponding hyperspectral image 1 € H via S : X — H (Cai et al., 2022¢; Li
et al., 2022a; Agarla et al., 2022; Arad et al., 2022). However, evaluating the quality of
reconstructed hyperspectral images is challenging due to the absence of measured hy-
perspectral images in material datasets. To address this issue, this section introduces
an RGB transformation network R : H — X that maps the reconstructed hyperspectral
image /i back to the corresponding sRGB image, as shown in Figure 6.2. The best pa-
rameters 0* = arg ming Lyq,s are selected by monitoring the loss term for the material
datasets:

Ltmns — LMSE(x/R(SG(x))) (61)
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FIGURE 6.2: The learnable components in the RGB transformation network, R(h),
which models the physical camera, simplified from (Can Karaimer et al., 2019). The
yellow components model the camera model with explicit equations, and the green
components are modelled by network components. In a real camera, noise reduction

happens before the in-camera transformation happens. In this thesis, the system noise
is controlled to a low level manually to omit the noise reduction process.

To recover accurate hyperspectral images for material datasets by minimizing the trans-
formation loss, the design of R (/) must reflect the physical relationship of the RGB and
hyperspectral image pair. Hence, a simple network, as used in previous works such
as (Mehta et al., 2021), is not sufficient. To address this, R(h) explicitly incorporates
the physical RGB camera model including response functions, brightness, and system
noise, as shown in Equation 6.2:

R(h) = fjpeg(.“fnoise(wrgbh)) (6.2)

where the hyperspectral image h € R"-0#1dsxHxW and the RGB response functions are
formatted as a matrix W, € R3*m-bands  The camera noise is included by the function
fuoise» and i is the brightness factor. Here, n_bands is the number of spectra bands sam-
pled by the response functions. The function fj,,, models the in-camera processing and
compression noise introduced by the Joint Photographic Experts Group (JPEG) com-
pression algorithm. All components are trainable in Figure 6.2 and will be explained in
the following paragraphs.

6.3.1.1 RGB Response Functions

All digital light sensors exhibit varying sensitivity to different wavelength ranges of
light through spectral response functions (Tropp, 2017). Specifically, trichromatic cam-
eras or three-colour image sensors, inspired by human colour perception, have unique
spectral response functions in their red (R), green (G), and blue (B) channels based on
the tristimulus theory (Smithson, 2005). That is to say, knowing the measurement of
the spectral reflection /1 and the response matrix W, sampled at the same bands, the
noiseless RGB image rgb.jeq, can be obtained as W,¢ph, on the condition that / is prop-
erly calibrated (Ji et al., 2021; Behmann et al., 2018). However, the RGB values are not
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FIGURE 6.3: The illustration of the predicted band shift for the blue channel response
curve.

consistent across various camera models, even under the same capturing conditions.
This is because each model of three-colour image sensors responds differently to light
due to their unique RGB spectral response functions. Hence, the RGB values are device-

specific and not interchangeable among different camera models.

In order to handle images taken by different camera models (Schwartz and Nishino,
2020; Bell et al., 2015a, 2013a), this section proposes to learn the sensitivity displace-
ment Aband; at each spectral band i compared with standard response functions based
on the input sRGB image, as depicted in Figure 6.3. The standard response curves
are sourced from the ARAD_1K dataset, which is based on physical measurements of
a Basler Ace 2 camera (Arad et al., 2022). To learn the sensitivity displacement, the
spectral recovery network S(x), which obeys the encoder-decoder architecture, is re-
designed by attaching one auxiliary path to the encoder. As shown in Figure 6.4, the
encoder output is processed with the repetitive spectra processing module comprising
1x1 convolutional kernels and average pooling. The 1x1 convolutional kernel is re-
sponsible to learn from the channel information since the band difference is applied to
each pixel individually. The average pooling downsamples the feature map to correct
the prediction. Moreover, the response curves should learn from long, middle, and
short wavelength regions for R, G, and B channels respectively. To keep maintain the
functionality of the response curves, the band differences are aggregated as a loss term

Lband :

Lpana = Z Zband/\|r,g,b X HAbaner,g,bH (63)
rgb A

where band) is sampled from the standard response curve at wavelength A for channel
R or G or B. In this way, the highly sensitive region incurs severe penalties, causing its
displacement Aband, to be zero and preserving its functionality. In the experiment, the
MST++ (Cai et al., 2022c) is chosen to be the spectral recovery network S(x) and the
spectra processing module in Figure 6.4 is repeated three times with channel numbers
124, 62, 31+3 where 31 of them is the number of spectra band sampled between 400nm
and 700nm with step 10nm, and the other 3 scalars are the noise parameters and bright-

ness factor explained in following sections.
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FIGURE 6.4: The network architecture to predict the learnable parameters and band
shifts.

6.3.1.2 Camera System Noise and Brightness

Since the hyperspectral image  in the ARAD_1K datasaet is calibrated with white and
dark reference samples to measure the actual reflectance rather than signal intensity,
the recovered hyperspectral image /1 is projected into noiseless RGB 7¢bejeq, by Wrgbfz.
However, for realistic cameras, the camera system noise caused by unwanted varia-
tions in the signals produced by the image sensor and processing circuitry can reduce
the image quality, particularly in low light conditions or high ISO settings (Baxter and
Murray, 2012; Shin et al., 2019; Park et al., 2020). Camera system noise can be cate-
gorized into several types, including thermal noise caused by random fluctuations in
the electrical charge generated by the image sensor due to heat (Berthelon et al., 2018),
and shot noise caused by the random nature of the way light interacts with the image
sensor (Roussel et al., 2018). To address the camera system noise, this section simulates
camera system noise using probability models with trainable parameters.

Since thermal noise is a form of Gaussian noise, it can be modelled with zero-mean
normal distribution N(0, ) where the standard variance o is considered as the noise
level (Denk and Winkler, 2007; Chen, 2021). As for the shot noise, it arises due to the
random nature of the arrival times of particles such as photons at the sensor, hence it
can be modelled with Poisson distribution (Roussel et al., 2018; Arad et al., 2022) P(v)
where v is the noise level. Higher v values indicate a stronger signal and lower noise,
while lower v values indicate a weaker signal and higher noise. In summary, the noisy

RGB can be represented as:

rgbnoisy = VP(<N<O/ 0) + 18bclean) X V) /v (6.4)

where the brightness factor p adjusts the intensity of the image with the average scene
brightness assumption. The noise level v, ¢ are tuned and justified in Section 6.6.2. In
practice, the uniform brightness factor is redundant when the ground truth images and
recovered images are normalised into the range [0,1]. The comparison between using
[0,1] normalisation and using brightness factor is in Section 6.6.
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FIGURE 6.5: The data flow for spectral as well as material datasets. Specifically, these
two datasets share the same S(x) but have their own R(h) to model the cameras.

6.3.1.3 Other Components and Compression Noise

In a typical in-camera processing pipeline, the final SRGB image is derived through
various processing steps from the initial noisy raw image rgb,,isy- These steps typ-
ically involve operations such as white balance, colour manipulation (Tseng et al.,
2022), gamma correction, and JPEG compression (Prakash et al., 2022). While the sSRGB
gamma correction follows a known equation and JPEG compression can be approxi-
mated mathematically with differentiable operations (Wang et al., 2022; Mishra et al.,
2022; Shin and Song, 2017), the specific image style configurations for colour manipu-
lation vary across different camera models and are often intricate and proprietary. To
avoid the explicit modelling of these camera-specific components applied to the noisy
RGB images, this section proposes a network that encompasses the effects of in-camera
processing and the noise induced by JPEG compression. This approach is achieved
through the integration of two basic Swin transformer layers (Liu et al., 2021b,a) to
post-process the noisy image. The basic Swin layer consists of a window-based self-
attention and MLP processing to learn from local regions. The window size is set to 8,
as the JPEG compression algorithm typically applies the 2D discrete cosine transform
on 8x8 blocks. This framework enables the generation of final SRGB images that faith-
fully capture the effects of these in-camera processes, providing a more robust repre-
sentation of the recovered sRGB images. Though the network architecture may sound
simple, the experiments in Section 6.6.3 show that a simple network is enough to cope
with the in-camera processing and compression noise.

6.3.2 Domain-Aware Network Training

The goal of this chapter is to employ hyperspectral images for material segmentation.
As there are no hyperspectral images in material datasets, this section proposes to in-
corporate the spectra dataset ARAD_1K (Arad et al., 2022), which includes pairs of RGB
and hyperspectral images, to jointly train the spectral recovery network S(x) and the
RGB transformation network R(/) with the material datasets. This chapter denotes the
samples in the spectral dataset as (xs,/;), and the samples in the material dataset as (x;;,).
The total loss is defined as Liosar = 10 X Lygug +5 X Lygy +5 X Lpectrar + 0.5 X Laomain-
Section 6.3.1 has introduced the band loss, while the remaining three terms will be in-

troduced in this section. Since the captured RGB images are normalised into the range
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[0,1] before passing through the spectral recovery network S(x), the recovered RGB im-
ages by R(h) are normalised into the same range as well before calculating the losses.

6.3.2.1 RGB Recovery Loss

Ideally, an RGB image passing through S(x) and R(/) should be able to recover itself,
as shown in Equation 6.5.

Lrgb = Ltans + LMSE(xs/ 3?5) + LMSE(xs/ Rs (hs)) (6.5)

where s, &, are recovered RGB images, R;(h;) takes the measured hyperspectral im-
age as input, and Lysg is the mean squared error. As shown in Figure 6.5, x; and x,,
share the same spectra recovery network S(x). As for the RGB transformation net-
works Rs(h) and Ry, (h), these two datasets have their own trainable parameters since
the RGB images are taken by different cameras.

6.3.2.2 Spectral Recovery Loss

To calculate the spectral recovery loss term Lgpectra1, MatSpectNet compares the recov-
ered hyperspectral image fi; with its ground truth ks, using the mean relative absolute
error (Lyrag) (Arad et al., 2022):

Lspectml = LMRAE (hs/ i’\ls) + LMRAE (hs/ S (Rs (hs) )) (66)

The two terms correspond to the left and right parts of Figure 6.5. The second term
S(Rs(hs)) reverses the order of operations in Figure 6.5 to ensure that the networks
S(x) and R(h) are order-irrelevant. Moreover, this term also confirms that the recovered
RGB image can be successfully transformed back to the original hyperspectral image.

6.3.2.3 Domain Discrimination Loss

In order to align the features learned from two different datasets, the PatchGAN do-
main discriminator f; (Chen et al., 2022) is used. The discriminators fg_spectrat, fa—rgp
ensure that the hyperspectral images (45, 1,,) and the RGB images (R;(h), x,,;) are domain-
indistinguishable. When training the networks S(x), R(h), the discriminators should
not be updated and the loss term Lg,,,,i» should reflect how successfully the network

aligns the predictions:

Ldomain = LMSE (fd—spectml(flm)r 1) + LMSE(fd—rgb(Rs(h))/ 1) (67)
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When training the discriminators, the loss L;,in should be configured to identify the

sample domain:

Laomain = Lmse(fa—spectrar (hs), 1)
+ Ltse (fa—spectrat (im), 0)
+ Lvse(fa—rgp(xm), 1)
+ Lvse(fa—rgp(Rs(h))

(6.8)

,0)

This chapter uses the label '1' to indicate the measured sample and '0' to indicate the

reconstructed sample.

6.3.3 Interpretable Hyperspectral Processing

The recovery of hyperspectral images opens up the possibility of understanding the
contribution of each wavelength to the material segmentation task. This information

is useful for modifying camera response curves to generate task-specific images (Sara-
gadam and Sankaranarayanan, 2020). To facilitate this, this section proposes a wavelength-
wise self-attention module, named 'spectral attention', which processes the hyperspec-
tral images using predicted filters that have a similar physical meaning as RGB re-
sponse curves. By aggregating the hyperspectral images based on their dependencies

at each wavelength, this module can identify the spectral information that is most rel-
evant to the task at hand.

The spectral attention module computes spectral filters using an attention mechanism
applied to the channels of the recovered hyperspectral images. As depicted in Fig-
ure 6.6, the hyperspectral image h ¢ R7-bandsx HxW g reshaped and permuted into
W e RHWxnbands 1o enable the application of self-attention to the spectral channels.
Specifically, the spectral attention module employs linear projection to generate the
query, key, and value matrices Q, K,V € RHW>xn-bands
image I’ (Cai et al., 2022¢). Then the self-attention output A € RHW>n-bands jq acquired

with Equation 6.9:

from the n_bands hyperspectral

A = VSoftMax(KTQ) (6.9)

where the SoftMax function is applied to the spectral channel. The output A is then
scaled to the range [0,1] with the min-max normalisation to align its physical meaning
with the RGB response curves, which represent the sensitivity to each wavelength. In
practice, this module uses n spectral attention modules in parallel to obtain # filters
and constructs an n-channel material image that contains dominant information for

the segmentation task. The filters are analysed in the experiment section.
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FIGURE 6.6: The network architecture to learn filters to aggregate spectra information.

6.4 Multi-Modal Fusion

In addition to the spectral information learned from the ARAD_1K dataset, this chap-
ter also wants to incorporate human material observations from the spectraldb dataset
into the segmentation process. To query the observations, the per-pixel spectral mea-
surements s are used as the bridge to link these two datasets. It is worth noting that
the spectral camera and spectrophotometer have different measurement precisions, de-
spite measuring the same physical property. Therefore, in this work, the difference is
compared with the spectra shape matrix S of the spectra measurements. The matrix
element S, ), is defined in Equation 6.10:

Shaty = [81, — 51, (6.10)

where A, and A; are the wavelength bands within the range [400nm, 700nm]. This sec-
tion constructs the spectra shape matrix for both the recovered hyperspectral images as
well as the spectraldb measurements (Jakubiec, 2022), which contains multiple spectra

measurements indexed by k.

As shown in Figure 6.7, for each pixel 7, j in the hyperspectral image, this method finds
the matched measurement S} = argming, ||S[i, j] — Sk||> with the L, distance. Then
the corresponding observations including reflectance, specularity and roughness are
appended to pixel i, j of the recovered hyperspectral image. The queried observations
together with the filtered features are passed into MLP to extract material features, as
shown in Figure 6.1. The way this chapter generates the final material prediction is
described in Section 6.5.



6.5. Network Training Configuration 79

flect /\/—‘ matched
rgigel:naezze’ measurement
! g - / \4 0.47
— 0.12
vy > >
hyperspectral y Visualise 061

. h .
| mage) 14— —
| matching ——>! —; -
|appending<::,: single-pixel spectraldb spe.ctrg shape
([P spectral dataset similarity

FIGURE 6.7: The mechanism to find the matched sample in the spectraldb dataset.

6.5 Network Training Configuration

The training of MatSpectNet consists of three phases: 1) the pre-training of the spectral
recovery network S(x). 2) the training of the physically-constrained recovery network
S(x),R(h). 3) the training of the material segmentation decoder. This chapter will

illustrate all three components in the following sections.

6.5.1 Data Preparation

This chapter follows the dataset split method as CAM-SegNet and DBAT to prepare
both LMD (Schwartz and Nishino, 2020) and OpenSurfaces (Bell et al., 2013a). The
models are monitored to choose the best parameters with the validation set and the

reported performances are evaluated on the test set.

6.5.2 Pre-training of the Spectral Recovery Network

The MST++ (Cai et al., 2022c¢) is selected as the spectral recovery network S(x) to pro-
cess the ARAD_1K RGB images, which are normalised to a range of [0,1] using min-
max normalisation. Specifically, for each channel in the RGB image, it subtracts the
minimum value and divides the range. The corresponding hyperspectral image re-
mained unchanged. Next, the samples are randomly cropped into 128 x 128 patches
and the images are augmented with random vertical and horizontal flips. To optimise
the network, the mean relative absolute error (Lyrar) (Arad et al., 2022) is chosen and
the Adam optimiser is used with parameters a = 4¢~*, B; = 0.9, and B, = 0.999 where
« is the initial learning rate. The cosine annealing learning rate scheduler is used with a
minimum learning rate of 1e~® and the network is trained for 400 epochs with a batch
size of 4 per GPU. The best model is selected based on its ability to produce the mini-
mum Lpgag calculated with the validation set.
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FIGURE 6.8: Feature merging for material segmentation.
6.5.3 Training of the Physically-Constrained Spectral Recovery Network

This section outlines the methodology for training the proposed physically-constrained
spectral recovery network. The pre-trained S(x) is loaded and tuned in this section.
The AdamW optimiser is adopted with an initial learning rate of 1e~°, and the values
of By and B are set to 0.9 and 0.999, respectively. To avoid making significant alter-
ations to the RGB response curves, the Aband, is cropped into the range [-0.003, 0.003].
Additionally, the linear learning rate scheduler is employed to adjust the learning rate
during training. This step is trained for 400 epochs and the parameters that produce

the minimum Ly,4,s elaborated in Equation 6.1 are kept for material segmentation.

6.5.4 Training of the Material Segmentation Decoder

Figure 6.1 depicts the recovered hyperspectral image /1, which is processed with a MLP
for material segmentation. This section provides a detailed figure of the overall archi-
tecture by illustrating a material segmentation head, as shown in Figure 6.8. The MLP
is configured to generate 128-channel features with hidden units of 64 channels. Recent
studies have proposed that for material segmentation tasks, utilising a combination
of both material and contextual features, such as features related to objects or scenes,
can reduce segmentation uncertainty and lead to improved performance (Heng et al,,
2022b,a). As recovered hyperspectral images can provide reliable material features,
the MatSpectNet incorporates an additional encoder-decoder segmentation network,
the DBAT in Chapter 4, to extract contextual and patch material features from RGB
images. The features extracted from both the MLP and the DBAT contain 128 channels
each. These features are combined through concatenation and passed into a Conv layer
equipped with 3 x 3 kernels, resulting in the final material label predictions.

During the training of the segmentation head, the parameters of the spectral recovery
network S(x) are fixed. To augment the dataset, RGB images are randomly cropped
into patches with dimensions of 512 x 512 and randomly flipped. The AdamW opti-
mizer is utilised with an initial learning rate of 8¢, B1 set to 0.9, and B, set to 0.999.
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The cyclical learning rate scheduler (Smith, 2017) is applied to gradually decrease the
learning rate to 7e~7 over 400 epochs. The parameters that achieve the highest Pixel
Acc are chosen to report the performance for each run.

6.6 Spectral Recovery Experiments

This section analyses the configuration of the proposed RGB transformation network,
R(h), by visualising the decay curve of L;q,s and the recovered sRGB images, to justify

the model design and prepare for the material segmentation experiments.

6.6.1 [0,1] Normalisation and Brightness Factor

This section presents the decay curve of Laus, which is introduced in Equation 6.1.
Two training configurations are compared, by normalising the RGB images generated
by R(h) into the range [0,1] or using a trainable brightness factor. The objective of Liyus
is to assess the quality of the recovered RGB images %, obtained through the material
data flow depicted in Figure 6.5. The normalisation operation acts as an additional
constraint in regularising the network R(h). It emphasises that the precise values of
individual pixels are not crucial. Instead, the focus is on maintaining the relative values
and the range difference of pixel intensities. Since the uniform brightness assumption
works by scaling the pixels, it can be redundant when the [0,1] normalisation is used,

which also scales the pixels by the range of the pixel values.

The decay curve of L5 provides valuable insights into the impact of the normalisa-
tion operation on the training of R(). As depicted in Figure 6.9, the inclusion of the

Epoch Level Loss for Ltrans
— with normalisation — with brightness factor

Loss

0 100 200 300 400

FIGURE 6.9: The loss decay curve of Li4,s with or without normalisation.
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noise level \ no o noise ¢ €[0,0.001] ¢ €[0,0.002] ¢ €[0,0.005]

no v noise 0.006174 0.005990 0.005947 0.005989

v €[700,900] 0.008225 0.008305 0.008407 0.008775
v €[3000,3500] | 0.007437 0.007499 0.007609 0.008028
v €[5000,5500] | 0.007338 0.007398 0.007508 0.007928

TABLE 6.1: The converged Ly q,s with different noise level configurations.

normalisation step in the training process has a significant impact on the convergence
behaviour of R(h). When the RGB images are normalised, the training of R(h) reaches
a convergence level of 0.02301 at epoch 71. In contrast, using brightness factor, it takes
approximately 216 epochs to achieve the same level of convergence. By utilising the
normalisation constraint, the training of R(h) becomes more efficient. This indicates
that scaling absolute pixel values is more difficult than learning the range difference
and relative values.

6.6.2 Noise Level Tuning

This section tunes the noise level described in Section 6.3.1.2. According to (Can Karaimer
et al., 2019), the noise reduction process happens before the in-camera processing, by
means of a high-pass filter. In the simplified camera model shown in Figure 6.2, the
noise level is tuned to omit the noise reduction process, by minimising the L5 in
Equation 6.1 without the network-modelled in-camera processing component. The
evaluation with different noise levels are shown in Table 6.1. In the first column where
no thermal noise is modelled, it is evident that the presence of Poisson shot noise sig-
nificantly degrades the quality of the recovered RGB images, even when only a small
amount of Poisson noise is applied (corresponding to high noise level v). Therefore,
for the subsequent experiments, the shot noise is excluded, and the thermal noise level,
denoted as o, is constrained within the range of [0, 0.002]. This range represents the
only configuration that surpasses the noise-free scenario, ensuring the integration of

noise effects while omitting the noise reduction process.

6.6.3 In-camera Processing Network Justification

The loss term of L4y is shown in Figure 6.10. It converges to 0.005550 at epoch 388,
which is 6.68% lower than the one without the in-camera processing network. The vi-
sual comparison in Figure 6.11 and Appendix A.2 illustrates the difference between the
recovered sRGB images, denoted as %,,, and their corresponding ground truth images,
denoted as x,,. Though the loss L4,s converges well, and the images look almost the
same, the heatmap suggests that further improvements can be made especially for glass
regions, probably caused by the uniform brightness assumption. There are two aspects

that can be invested to improve the image quality.
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FIGURE 6.10: The loss decay curve of Li4us with tuned noise levels and in-camera
processing.

Firstly, the field of spectral recovery remains an active area of research. Even with the
use of a supervised dataset, the current performance of the spectral recovery network
in generating hyperspectral images is not optimal. Through the implementation of
an improved spectral recovery network, it is possible to achieve superior results by

recovering more accurate and detailed information in the hyperspectral domain.

Secondly, the camera model incorporated in the network R(1) may suffer from the uni-
form brightness assumption, which does not hold in situations where multiple light
sources exist. To address this issue, it is recommended to conduct experiments using
more complex brightness estimation methods, such as (Afifi and Brown, 2019). More-
over, it is possible to build a dataset-independent camera model with raw-RGB images
instead of SRGB images. This adjustment allows for a simple but realistic camera model
that better captures the transformation between hyperspectral and RGB images. More-
over, by eliminating the need for an additional network component to simulate the
camera model, it is possible to streamline the image recovery process and potentially

achieve improved results.

6.6.4 Spectral Recovery Performance

Since there are no captured hyperspectral images in material datasets, the spectral re-
covery network is quantitatively evaluated on ARAD_1K. As shown in table 6.2, with
the material dataset, the performance of the spectral recovery network S(x) decays.
This is expected since the training objective is changed from recovering hyperspectral
images in ARAD_1K to material datasets. Luckily, the decay curve of L,s in Figure
6.10 indicates that the quality of recovered hyperspectral images in material datasets
is improved. Moreover, in Figure 6.12, with MatSpectNet, the differences between x,,
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(A) Ground Truth (B) Recovered RGB (C) Heatmap of |x,, —
RGB x,, & Xm|

FIGURE 6.11: The visualisation of two pairs of sSRGB and recovered sRGB. The

heatmap is measured by averaging the difference between normalised (range [0,1])

X and %, across R, G, B channels. Pink means the difference is 0, and red means the
difference is 1.

model | MRAE RMSE

MST++ 0.1645 0.0248
MatSpectNet | 0.1774 0.0316

TABLE 6.2: The performance of the spectral recovery network S(x), evaluated with
metrics in (Arad et al., 2022).

and &%, are smaller, supported by the whiter heatmap colour, compared with directly
using the pre-trained MST++ (Cai et al., 2022c).

6.6.5 Gradient Magnitude of Recovered Hyperspectral Images

The incorporation of hyperspectral images offers a unique advantage in material seg-
mentation tasks as they capture the portion of light reflected by materials in the scene.
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(A) Ground Truth (B) Heatmap of |x,, — () Heatmap of |x,, —
RGB xy, %m| with MatSpect- Xm|, with MST++(Cai
Net et al., 2022¢)

FIGURE 6.12: Heatmaps of recovered RGB images with MatSpectNet or pre-trained
MST++.

As reflectance is a fundamental characteristic of materials, hyperspectral images pro-
vide vital discriminative features in addition to conventional RGB images. To validate
the efficacy of hyperspectral images in material segmentation, one approach is to ex-
amine whether pixels representing the same material exhibit similar spectral profiles
within a scene. The gradient magnitude plots of the hyperspectral images at wave-
lengths 360nm and 700nm, as depicted in Figure 6.13, provide valuable insights in this
regard.

For instance, in the bedroom image, at wavelength 360nm, the white quilt, pillow, and
yellow headboard are all composed of fabric materials. The gradient magnitude plot
shows no distinct boundaries, illustrating that hyperspectral images accurately cap-
ture reliable material properties. However, when analysing the painting on the wall
at wavelength 700nm, clear boundaries between the colour spots emerge, potentially
attributed to the diverse ingredients present in the painting. Similarly, the bed sheet re-
veals distinct regions, where the material of the strips may differ from the surrounding
yellow fabric area. These observations underscore the challenges in annotating material

segments and the complexities involved in defining appropriate material categories.

The analysis of hyperspectral image gradients provides compelling evidence for the po-
tential of leveraging hyperspectral images in material segmentation tasks. The capacity
to capture distinct spectral profiles of materials aids in accurately delineating material
boundaries, thus offering a valuable contribution to the advancement of material seg-
mentation methodologies. Furthermore, it highlights the need for robust annotation
techniques and the exploration of innovative strategies for defining meaningful mate-
rial categories in this challenging domain.
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(A) Bedroom Image (B) 360nm (c) 700nm

FIGURE 6.13: The gradient magnitude of the recovered hyperspectral images.

6.7 Material Segmentation Experiments

This section assesses the performance of the network on two material datasets, namely
LMD (Schwartz, 2018; Schwartz and Nishino, 2020) and OpenSurfaces (Bell et al., 2013a),
using the evaluation metrics reported in (Heng et al., 2022a). The proposed MatSpect-
Net is trained for 400 epochs with 8 NVIDIA GeForce RTX 3090 GPUs.

6.7.1 Quantitative Evaluation

Table 6.3 presents numerical evaluations of seven networks. The proposed MatSpect-
Net outperforms all other compared networks on both datasets. Specifically, on LMD,
the MatSpectNet achieves the highest Pixel Acc of 88.24% and Mean Acc of 83.82%.
Compared to the second-best performing network, DBAT (Heng et al., 2022a), the Mat-
SpectNet shows improvements of 1.60% and 3.42% for Pixel Acc and Mean Acc, re-
spectively. On OpenSurfaces, the MatSpectNet also achieves the best performance with
accuracy scores of 87.13% and 71.29% for Pixel Acc and Mean Acc, respectively. The
corresponding improvements compared to the second-best scores are 0.99% and 0.86%.
In particular, for LMD, the higher improvement in Mean Acc and lower improve-
ment in Pixel Acc indicate that the MatSpectNet improves the performance for hard-
to-recognize material categories compared to other networks, suggesting that hyper-
spectral information can provide reliable material features. The detailed per-category
performance is reported below.

Datasets LMD OpenSurfaces -
Architecture Pixel Acc Mean Acc | Pixel Acc Mean Acc mloU | #params (M) #flops (G) FPS
ResNeSt-101 (Zhang et al., 2022) | 82.45+0.20 75.31 +0.29 85.10 67.13 55.32 48.84 63.39 25.57
EfficientNet-b5 (Tan and Le, 2019) | 83.17 = 0.06 76.91 £ 0.06 84.63 65.47 53.25 30.17 20.5 27.00
Swin-t (Liu et al., 2021b) 84.70 £ 0.26 79.06 + 0.46 86.19 69.41 57.71 29.52 34.25 33.94
CAM-SegNet-DBA 86.12+0.15 79.85 + 0.28 86.64 69.92 58.18 68.58 60.83 17.79
DBAT 86.85 +0.08 81.05 + 0.28 86.28 70.68 58.08 56.03 41.23 27.44
MatSpectNet 88.24 + 0.10 83.82 £+ 0.23 87.13 71.29 58.92 57.7 42.16 26.83

TABLE 6.3: The performance (in percentage) inherited from Chapter 4 reported on the

LMD and the OpenSurfaces. The FPS value of MatSpectNet is calculated by processing

1000 images with one NVIDIA 3090. The uncertainty evaluation is reported across five
independent runs.
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Model ‘ MatSpectNet DBAT ResNeSt-101  EfficientNet-B5 Swin-t CAM-SegNet-DBA
Asphalt (4.87) | 9157 £0.23 88.66 +0.72 94.35 £ 0.27 8217 £2.80  91.83 +1.09 89.87 £1.94
Ceramic (2.95) | 77.81 £1.07 68.31+131 62.86 £ 0.67 7334 +£042 7535+ 042 75.01 £ 0.64
Concrete (4.73) | 65.79 £1.30 66.90 +1.07 60.53 £ 2.00 59.36 298  57.42 +4.88 69.20 + 2.81
Fabric (10.96) | 93.23 £0.27 93.14+0.16 86.420+0.92 8533 £0.20 88.71 +0.50 90.79 £+ 0.43
Foliage (15.43) | 96.24 £0.15 95.3540.12 91.25+1.16 88214032 9557+ 045 94.04 +0.79

Food (10.03) | 9537 £0.18 93.27+0.22 94.96 +£0.34 95.84 £0.14 9251 +0.83 95.19 £ 0.24
Glass (1.94) 73.03 £0.83 73274067 6833+ 0.34 7783 £094 7795+ 0.99 84.88 + 1.11
Metal (6.17) 80.67 045 79.99+ 051 80.66 +0.34 76.67 £0.28  81.54 +1.36 81.83 £ 0.48
Paper (1.76) 7835+ 137 73.83+0.67 71.14+1.99 7721£0.13  63.05+1.90 66.48 +1.43
Plaster (2.54) | 82.36 £1.95 71.43+£0.71 78.76 &+ 0.62 7311 +0.64 7812 +1.90 72.37 £1.03
Plastic (1.47) | 65.61 +2.51 50.62 +1.45 36.07 & 3.42 3959 £0.64 51.64+1.31 52.07 +2.28
Rubber (1.08) | 81.57 =142 82.61+£1.01 79.57 +1.62 69.73 £0.29  83.48 £ 0.67 81.63 +1.79
Soil (8.22) 85.53 £ 0.47 84.25+0.50 73.15+2.67 7973+ 055 76.89 £1.11 80.39 £1.73
Stone (3.13) 82.06 £1.28 86.94+0.95 52.12+0.93 7007 £0.76  73.05+1.92 60.73 +2.76
Water (11.17) | 9674 £0.19 97.12+0.10 97.54+£0.28 95.30+£0.32  95.78 £ 0.70 94.95 + 0.69
Wood (13.54) | 94.47 +1.08 90.53+0.37 76.71+1.23 86.69 024 8203 +1.11 87.63 +0.98
Pixel Acc 88.24 £0.10 86.85+£0.08 82.45+0.20 83.17 £0.06  84.71 +0.26 86.12 £0.15
Mean Acc 83.82 £0.23 81.05+0.28 75.31 £0.29 7691+ 0.06  79.06 + 0.46 79.85 £ 0.28

TABLE 6.4: Per-category performance analysis Heng et al. (2022a). The best perfor-
mance achieved for each category is written in bold text, and the numbers are reported
in percentage. The number after the material category is the pixel coverage (in percent-
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FIGURE 6.14: Predicted segmentation of one living room image.

Table 6.4 displays the per-category performance of the proposed MatSpectNet and
other networks. Notably, the model outperforms other models in eight categories,

particularly those covering a small portion of the annotated samples, such as paper

and plastic, as indicated by the numbers next to the category names. This suggests that

the recovered hyperspectral images provide informative material features that enhance

performance, even when the number of annotations is limited.
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Image MatSpectNet DBAT ResNest-101

Ground Truth EfficientNet-b5 Swin-t CAM-SegNet-DBA

FIGURE 6.15: Predicted segmentation of another living room image.
6.7.2 Qualitative Evaluation

The segmented images are displayed in Figure 6.14. Despite the sparsely labelled
ground truth (Heng et al., 2022b,a; Schwartz and Nishino, 2020), the MatSpectNet is
the only model that can accurately classify nearly all the pixels belonging to the stone
wall, even those under bright lighting conditions. This suggests that the calibrated
spectral information can boost network performance under varying illumination con-
ditions, as compared to other purely visual-based networks.

Another segmentation visualisation is presented in Figure 6.15. The table shown in
the image lacks distinguishable texture, making it difficult even for humans to deter-
mine its material. As a result, in all other five models, the segmented images appear
messy near the table region. The DBAT model struggles to distinguish between plaster
and wood, whereas models such as Swin-t (Liu et al., 2021b) and EfficientNet (Tan and
Le, 2019) are affected by reflected light and incorrectly recognize parts of the table as
ceramic or glass. This indicates that RGB image does not provide reliable visual fea-
tures for material segmentation task. In contrast, the MatSpectNet model avoids such
noisy recognition and confidently identifies the table as stone. This indicates that the
recovered hyperspectral image is a robust description of materials, irrespective of the
illumination.

However, it is also noticed that the material labels defined in LMD lack the ability

to fully describe indoor scenes in a dense manner. Furthermore, the similarity in the
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FIGURE 6.16: The filter weight of two filters for each wavelength.

appearance of different materials makes the segmentation task challenging to solve
with RGB images. As spectral information is independent of visual appearance, it is
possible that hyperspectral reconstruction could be a potential solution to overcome
the limitation of sparse labelling for pixels that cannot be adequately described by the

given labels.

6.7.3 Filter Analysis

Section 6.3.3 introduces filters that aggregate spectral information using a weighted
sum. These filters are designed to behave similarly to RGB filters, where the filter
values represent the importance of each wavelength. In order to gain a better under-
standing of how these filters work, Figure 6.16 plots two of the filter weights for each
wavelength alongside the RGB response functions. The filters show wavelength ranges
where the weights are larger than others, indicating the wavelengths that the network
depends on, such as the range between 420 and 560 nm for filter 2. Moreover, unlike
the RGB response functions, the learned filters can have more than one important re-
gion, as demonstrated by filter 1. This finding suggests that aggregating both short and
long-wavelength information in the same filter is beneficial for material segmentation.
Further investigation into the optimal weighting of different wavelength ranges can be
a potential avenue for future research. Lastly, it is worth noting that the learned filters
in the network exhibit a tendency to assign weights close to 0 for frequencies that are
near those with large weights, such as 490nm and 550nm. This behaviour suggests that
the training process eliminates frequencies that do not contribute significantly to ma-
terial segmentation. One possible explanation for this phenomenon is that the spectral
profiles often exhibit flat regions, as depicted in Figure 6.17. The filters effectively en-
code the spectral curve by sampling a few points from these flat regions and primarily

focusing on the regions where the intensity varies.
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FIGURE 6.17: A sample of the recovered spectral profile for a pixel classified as plastic.

6.8 Ablation Study

This section assesses the impact of each component of the proposed MatSpectNet by
introducing three additional models of increasing complexity, as shown in Table 6.5.
For each model, the number of filters is adjusted in the interpretable hyperspectral pro-
cessing module and report the corresponding (Pixel Acc/Mean Acc) results on LMD in
Table 6.6.

6.8.1 Regularised Spectral Recovery

Network 1 utilises a pre-trained spectral recovery network to generate the hyperspec-
tral images. However, since the network is not specifically tuned for the material
datasets, the network trained on the ARAD_1K dataset is not generalisable, and the

Methods ‘Regularised Spectral Recovery Domain Alignment Multi-Modal Fusion

Network 1
Network 2 v
Network 3 v v
MatSpectNet v v v

TABLE 6.5: The network variations and the corresponding enabled components.

n_filters ‘ 4 8 12 16

Network1 | 86.73/80.91 86.55/80.14 86.94/81.13 87.08/81.20
Network 2 | 86.93/81.41 87.17/81.74 87.69/81.92 87.10/81.63
Network 3 | 87.16/82.88 87.22/82.93 87.46/81.71 87.54/82.36
MatSpectNet | 87.95/83.17 87.66/83.14 88.24/83.82 88.07/83.52

TABLE 6.6: The network performance for each variation against four filter number
choices. The numbers corresponds to Pixel Acc/Mean Acc in percentage.
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S(x) | Pixel Acc Mean Acc

Fine-tune | 81.91 £0.22 75.35 £ 0.31
Frozen | 88.24 +0.10 83.82 +0.23

TABLE 6.7: The network performance evaluated by fine-tuning or freezing the param-
eters of S(x). The evaluations are reported by training the models for five times.

network performance is hardly improved. In contrast, when the spectral recovery net-
work is equipped with the physically-constrained RGB transformation network, Net-
work 2 achieves up to 0.75p.p. improvement in Pixel Acc and 1.60 p.p. improvement
in Mean Acc. However, the training process does not guarantee an increase in network
performance, as evidenced by the results for filter number 8.

6.8.2 Domain Alignment

The domain alignment training strategy is designed to learn generalisable features for
material datasets without any training samples. The reported evaluations show that
network 3 improves network performance for all filter choices, indicating that the fea-
tures extracted by the spectral recovery network are well-suited for material datasets.

6.8.3 Multi-Modal Fusion

The spectradb dataset provides measurements and observations that can help reduce
network uncertainty in identifying materials. As shown in Table 6.6, the MatSpectNet
achieves the best performance with an improvement of 0.78 p.p./2.11 p.p. when the fil-
ter number is set to 12 compared with Network 3. The significant increase indicates
that human observations, such as roughness, can reliably differentiate between differ-

ent materials.

6.8.4 Tune the Spectral Reconstruction Parameters

The experiments reported until now all freeze the parameters of the spectral recovery
network when training for the material segmentation. This ensures that the recovered
hyperspectral images are used for material segmentation. However, it is conceivable
that a more favourable performance could be achieved through unconstrained fine-
tuning. Therefore, the evaluations by fine-tuning or freezing the parameters of S(x) are
reported in Table 6.7. By fine-tuning the parameters, the network performance drops
by 6.33 p.p. in Pixel Acc, and drops by 8.47 p.p. in Mean Acc. This indicates that tuning

of S(x) together with the material segmentation breaks the spectral recovery network.
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6.9 Conclusion

This section introduces the MatSpectNet, a model which employs a physically-constrained
spectral recovery network to segment materials using reconstructed hyperspectral im-
ages. To leverage the existing spectral recovery dataset, domain-aware discriminators
are used to align the material dataset and enhance the quality of the reconstructed hy-
perspectral image. This chapter also incorporates material observations, such as rough-
ness, to improve the reliability of material predictions. The experiments demonstrate
that the proposed MatSpectNet outperforms existing models and can handle images
captured under varying lighting conditions. As a pioneering attempt towards explicit
material feature extraction, the MatSpectNet is still imperfect. For example, as shown
in Figure 6.8, the inputs of the spectral recovery network and the DBAT are the same
RGB image. Since the recovered hyperspectral image should contain richer information
compared with RGB image, it would be possible to merge the RGB feature extraction
branch into the hyperspectral recovery branch. As my PhD study approaches its con-

clusion, potential improvements such as this are left as future work.
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Chapter 7

Conclusion and Future Work

This chapter marks the conclusion of my PhD study (Section 7.1 to Section 7.4) and of-
fers potential future research directions for scholars. Throughout this research project,
three and half study contributions have been presented exploring two main research
topics with the goal of achieving high-performance and real-time material segmenta-
tion (24FPS, 80% accuracy). The first topic focuses on the implicit extraction of material
features from image patches, while the second topic delves into the explicit extraction
of material features from recovered hyperspectral images. In Section 7.6, the feasible

future work is introduced based on my research experience.

7.1 Contribution A: CAM-SegNet

The proposed CAM-SegNet in Chapter 3 tackles the research problem that combin-
ing contextual and material features during training requires labels related to objects
or scenes. Existing methods (Schwartz and Nishino, 2020, 2016, 2019; Schwartz, 2018)
tend to use pre-trained networks targeting object recognition or scene classification to
provide contextual cues. However, the pre-trained networks are not fine-tuned with the
material segmentation branch, and annotating images requires extra undesired costs.
In order to make predictions with both material and contextual features extracted from
sparsely labelled material segmentation datasets, the proposed hybrid CAM-SegNet
leverages contextual features of material boundaries and a self-training mechanism to
achieve accurate segmentation without extra labels or pre-trained networks. The exper-
imental results demonstrate that CAM-SegNet surpasses recently proposed network
architectures and single-branch approaches in the control group, achieving a signifi-
cant improvement of 3-20% in Pixel Acc and 6-28% in mIoU.
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7.2 Contribution B.1: DBAT

While CAM-SegNet achieves improved performance, it still suffers from high comput-
ing overhead due to the multi-branch architecture. Moreover, the patch resolution is
fixed for all images, which may limit the network ability to learn material features.
In consideration of these problems, Chapter 4 introduced the DBAT, which enables
learning material features from cross-resolution image patches in a single feed-forward
propagation. In the initial stage, the images are passed through a transformer back-
bone that operates on 4x4 patches and progressively enlarges the patch resolution by
merging neighbouring patches. Following that, a DBA module is introduced to dynam-
ically combine the intermediate features obtained from cross-resolution image patches.
Evaluating the DBAT on the LMD dataset, it achieves a Pixel Acc of 86.85% while main-
taining a high frame rate of 27.44 FPS. This performance demonstrates 21.21% improve-
ment over the CAM-SegNet.

7.3 Contribution B.2: Network Interpretability

DBAT has sufficed in the goal of designing a network to achieve high performance
in real-time. However, similar to other network-based methods, the DBAT faces chal-
lenges in terms of interpretability. Therefore, Chapter 5 delves deeper into interpreting
the behaviour of the DBAT using statistical and visual analysis tools. These tools in-
clude calculating the attention head equivalent patch resolution, visualising attention
masks, and assessing the CKA heatmap, as proposed by Nguyen et al. (2020); Raghu
et al. (2021). Additionally, to achieve a more human-readable interpretation of the fea-
tures, Chapter 5 also employs the network dissection method introduced by Zhou et al.
(2018); Bau et al. (2017, 2019, 2020), which aligns layer neurons with semantic concepts.

Through the analysis of the semantic concepts associated with the extracted features,
the experiments illustrate the proficiency of DBAT in capturing material-related fea-
tures, such as texture, which is crucial for distinguishing between different materials.
Furthermore, by comparing the semantic concepts of features extracted by other net-
works trained with either material or object datasets, the results also highlight the in-
fluence of network architecture on the extracted features. This analysis confirms the
effectiveness of the patch-based design in driving the networks to perform segmenta-
tion based on material features.
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7.4 Contribution C: MatSpecNet

The CAM-SegNet and DBAT are designed to learn material-related features from RGB
image patches. With further research, it becomes evident that this approach is implicitly
based and does not provide a definitive assurance that the model can effectively learn
local features, as indicated in Section 5.4. Therefore, Chapter 6 proposed a network
named MatSpectNet to explicitly learn material features from material optical prop-
erties measured by hyperspectral cameras (Behmann et al., 2018). In the initial stage,
the network is trained to reconstruct hyperspectral images by leveraging the physical
model of the camera as a constraint, ensuring the preservation of the intrinsic physi-
cal properties of the hyperspectral images. Subsequently, the recovered hyperspectral
images are processed through a MLP to extract material features based on the spectral
information associated with each individual pixel. This approach allows for the explicit
learning of material features from spectral data, enhancing the ability of networks to

discern and represent different materials accurately.

The proposed network, MatSpectNet, outperforms existing models in the material seg-
mentation task. With a Pixel Acc of 88.24% and a Mean Acc of 83.82%, the network
shows an improvement of 1.60%/3.42% over the DBAT. Notably, MatSpectNet is par-
ticularly adept at recognising material categories that have limited samples, even under

varying light conditions.

7.5 Limitations of the Research

While these contributions represent advancements in the field of computer vision and
material segmentation, there is still much work to be done. Listed below are the fol-
lowing limitations of the studies described in this research project:

1. The sparsely labelled open-access material segmentation datasets poses challenges
in ensuring the reliability of numerical evaluations. The advancements made in
unlabelled areas may not be adequately reflected in the numerical evaluation met-
rics. For instance, Figure 6.15 showcases a well-segmented table using MatSpect-
Net; however, the absence of ground truth annotations prevents readers from
accurately quantifying the true improvements in terms of metrics like Pixel Acc
or Mean Acc. As a result, the network performance might be underestimated,
emphasising the need for alternative evaluation approaches to capture the ad-
vancements achieved in unlabelled regions.

2. The network dissection method, while valuable, possesses limitations in terms of
the number of semantic concepts it can effectively analyse. Expanding the cov-

erage to incorporate additional concepts necessitates the availability of further
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labelled samples. Among the limited set of five concepts, only texture and colour
are directly relevant to material characteristics. This constraint undermines the
comprehensiveness of network interpretability since these five concepts are insuf-
ficient to encompass the vast array of features the network is capable of learning.
Furthermore, it should be noted that interpretation is only feasible for disentan-
gled neurons. This challenge underscores the pressing need for more robust and
comprehensive network interpretability methods to gain a deeper understanding

of the learned features.

. The scope of this research is centred around indoor scenes, and the evaluation

is confined to two specific datasets, namely LMD and OpenSurfaces. It is worth
noting that densely labelled datasets already exist for material segmentation in
outdoor or geoscience scenarios. To broaden the applicability and robustness
of material segmentation networks, future endeavours can involve redesigning
the networks to encompass the common characteristics of materials across vari-
ous scenes. The development of more robust and versatile segmentation models
can be pursued, which would allow for evaluation on more reliable and diverse
datasets. Such an approach would contribute to the advancement of material seg-
mentation in a wider range of scenarios and enhance the generalisability of the
proposed models.

. This study primarily focuses on the generation of material labels. In certain appli-

cations, such as immersive sound rendering, material labels are not only used for
visual purposes but also play a crucial role in connecting with acoustic proper-
ties within the rendering engine. However, it is worth noting that the categories
produced by the network may not align precisely with the labels supported by
the rendering engine. This misalignment has the potential to detrimentally affect
the performance of downstream tasks that rely on accurate correspondence be-
tween material labels and acoustic properties. To mitigate this issue, it is highly
recommended to construct dedicated datasets specifically tailored for tasks that
depend on material labels. One approach could involve annotating RGB images
with acoustic properties measured using specialised equipment, rather than re-
lying solely on human-labelled material categories. By incorporating such ded-
icated datasets, which provide more precise and reliable information about the
acoustic properties associated with material labels, the performance and compat-

ibility of downstream tasks can be significantly improved.

. Regarding the MatSpectNet, it is a hybrid network that incorporates an addi-

tional branch for hyperspectral image recovery, while the other branch continues
to learn from the original RGB images. The recovered hyperspectral images are
expected to contain more comprehensive information compared to RGB images
since hyperspectral images can be transformed into RGB images using known

response functions and in-camera processing. This leads to the possibility of
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combining the two branches into a unified approach. Furthermore, the camera
model employed in this network relies on network blocks to implicitly simulate
certain modules within the in-camera processing pipeline. It is important to find
the appropriate balance for these network blocks. If the network block is exces-
sively powerful, the explicitly modelled components may lose their significance.
Conversely, if the network block is overly simplistic, it might fail to implicitly
model the missing components. Hence, it is crucial to propose a simpler and
more straightforward method to leverage hyperspectral images effectively. For
instance, one potential approach could involve directly labelling material cate-
gories on existing hyperspectral images, and ignore the recovery branch. By de-
veloping such a method, the benefits of hyperspectral images can be maximised
while circumventing potential issues associated with the network complexity.
This would pave the way for improved material segmentation performance and
facilitate a more straightforward integration of hyperspectral information into the

segmentation process.

7.6 Future Works for Material Segmentation

In this section, three promising avenues for future research are proposed, aimed at

providing potential successors with valuable directions. These include:

1. Refinement of Network Architecture: Building upon the foundation laid by Mat-

SpectNet, there is an opportunity to explore and develop a revised network ar-
chitecture. This could involve optimising the design and configuration of the net-

work to enhance its performance and efficiency in material segmentation tasks.

. Data Synthesis Strategy: Developing a data synthesis strategy holds great poten-

tial for generating paired RGB and hyperspectral image datasets. This approach
could involve leveraging advanced techniques, such as simulation and PBR, to
create synthetic datasets that closely resemble real-world scenarios. This syn-
thesised data would enable comprehensive training and evaluation of material

segmentation models.

. Annotating Sparsely Labelled Datasets: To address the limitations imposed by

sparsely labeled datasets, it is important to devise a pipeline equipped with au-
tomatic tools for annotating these datasets more comprehensively. This would
involve leveraging SOTA techniques, such as prompt-based giant vision models,
to automatically annotate the existing datasets with accurate material regions. By
doing so, the utility and effectiveness of datasets for training material segmenta-

tion models would be significantly enhanced.
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FIGURE 7.1: A unified network architecture that merges the spectral recovery task
with the material segmentation network.

Exploring these three potential avenues would contribute to advancing the field of ma-
terial segmentation, enabling the development of more sophisticated network architec-
tures, improving dataset availability through data synthesis, and enhancing the quality
of existing datasets through automated annotation pipelines.

7.6.1 Refinement of Network Architecture

In the pursuit of harnessing the potential of hyperspectral images for material seg-
mentation, the MatSpectNet has demonstrated its effectiveness through comprehensive
quantitative and qualitative evaluations presented in Chapter 6. While the MatSpect-
Net has provided an encouraging step towards the utilisation of hyperspectral images,

there remains room for further improvement in its network design.

Notably, existing literature highlights the under-determined nature of the spectral re-
covery task (Arad et al., 2022; Cai et al., 2022c), characterized by many-to-one mappings
between hyperspectral images and RGB images, often referred to as color metamerism
(de Abreu Santos PEREIRA et al., 2019). This mapping process inherently involves
information loss, as the transformation from hyperspectral images to RGB images in-
evitably results in the omission of certain details. Consequently, hyperspectral images
inherently contain richer information pertaining to the captured scenes in comparison

to RGB images.

From the perspective of network architecture, it is thus conceivable to merge the spec-
tral recovery branch with the feature learning branch and facilitate concurrent training
of the entire network. This architectural modification presents a plausible approach to
integrate spectral recovery and feature learning in a synergistic manner. By doing so,
the network can jointly exploit the information-rich hyperspectral images while effec-
tively leveraging the feature learning capabilities. A potential network architecture that
encapsulates these improvements is depicted in Figure 7.1. It seamlessly integrates the
segmentation network with the spectral recovery network, eliminating the presence of
parallel branches.

By incorporating such enhancements into the network design, it is anticipated that the

overall performance of material segmentation can be further advanced, capitalizing on
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the inherent advantages of hyperspectral images and enabling simultaneous spectral

recovery and feature learning within a unified framework.

7.6.2 Data Synthesis Strategy

The collection of RGB and hyperspectral image pairs necessitates the use of dedicated
devices (Behmann et al., 2018) and carefully controlled lighting conditions. Addition-
ally, the process incurs significant costs associated with image annotation, while the
captured images often exhibit lower resolution. Consequently, acquiring a densely la-
belled dataset poses considerable challenges. To overcome these limitations, one viable
approach is to synthesise RGB and hyperspectral image pairs using a rendering engine
and 3D models.

In particular, the Mitsuba engine (Jakob et al., 2022a; Nimier-David et al., 2019; Jakob
et al., 2022b) presents capabilities for rendering spectral information and RGB image
within a given scene. Leveraging this engine, along with the availability of high-
quality 3D indoor models with layout and semantic labels provided by datasets like
Structured3d (Zheng et al., 2020) and 3D-FRONT (Fu et al., 2021), and material textures
offered by the ambientCG website (Demes), it becomes possible to create a densely
labelled material segmentation dataset. By integrating these techniques, a comprehen-
sive pipeline can be established to synthesize the RGB and hyperspectral image pairs,
as depicted in Figure 7.2.

Employing this approach not only addresses the challenges associated with data collec-
tion but also ensures the availability of densely labelled material segmentation datasets.
This synthesised dataset holds great promise for advancing research in the field, facili-
tating the development and evaluation of material segmentation models in a controlled

yet realistic environment.
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7.6.3 Annotating Sparsely Labelled Datasets

With remarkable advancements in the field of giant models, the acquisition of mate-
rial segmentations can now be accomplished with minimal human involvement. These
powerful models, leveraging the capabilities of deep learning and advanced segmen-
tation techniques, have demonstrated the ability to autonomously infer and delineate
segments within images. For example, SAM (Kirillov et al., 2023) can be effectively har-
nessed to generate material segmentations with enhanced annotations. By integrating
additional information in the form of textual descriptions or user clicks that highlight
specific material regions of interest, SAM can leverage these inputs to refine and guide
the segmentation process.

To incorporate textual descriptions, (Liang et al., 2023) employs a multimodal approach
that combines the visual features extracted from the image (by SAM) with the textual
embeddings derived from the provided descriptions. By jointly analysing the visual
and textual cues, the model can better comprehend the intended material categories
and tailor its segmentation outputs accordingly. This integration not only enhances
the accuracy of segmentation but also enables SAM to generate more informative and

contextually relevant annotations. The illustration is shown in Figure 7.3.

In the case of user clicks, SAM leverages interactive segmentation techniques. Users
can interact with the system by clicking on specific regions of the image that corre-
spond to different materials. These clicks serve as valuable guidance for SAM, enabling
it to learn from user input and adjust the segmentation boundaries accordingly. By in-
corporating user clicks, SAM empowers users to actively participate in the annotation
process, ensuring that the material segmentations align more closely with their inten-

tions and requirements.

By utilising SAM in conjunction with these additional inputs, the production of ma-
terial segmentations becomes a collaborative and iterative process. The model learns
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FIGURE 7.4: An example to annotate the metal region of the microwave oven with five
clicks using (Kirillov et al., 2023).

from the textual descriptions or user clicks to refine its understanding of the material
categories and their spatial distributions within the image. As a result, the generated
material segmentations exhibit improved accuracy, granularity, and alignment with the

intended material boundaries.

This approach not only facilitates the creation of densely labelled material segmenta-
tion datasets but also allows for the inclusion of valuable contextual information or
user preferences. The integration of textual descriptions or user clicks with the ad-
vanced segmentation capabilities of SAM expands the range of possible applications,
such as material-based image retrieval, scene understanding, or immersive rendering,

where precise material annotations play a crucial role.

By leveraging the capacity of giant models for comprehensive segmentation and incor-
porating additional guidance, researchers and practitioners can harness its power to
generate more accurate and informative material segmentations, ultimately advancing

the SOTA in material analysis and related fields.
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Appendix A

Extra Analysis and Visualised
Images

This section provides more visualised images collected from datasets or produced from
experiments to support the argument in this thesis.

A.1 The Limitations of the OpenSurfaces

As mentioned in Section 4.4.1, both of the two material datasets, the LMD (Schwartz
and Nishino, 2020, 2016) and the OpenSurfaces (Bell et al., 2013a), are coarsely labelled.
For the OpenSurfaces, although Bell et al. (2013a) managed to label the images thor-
oughly through crowdsourcing, the annotators got confused by the two concepts of
material and object. As shown in Figure A.1 and Figure A.2, the materials are seg-
mented by drawing lines along the boundary. Ideally, the lines should be drawn along
the boundary between two different materials, such as the ceramic and glass in Figure
A.1. However, for the wood and the fabric, the annotators drew the lines alone the ob-
ject boundary instead of the material boundary. More precisely, in Figure A.1, the table
and the floor are made of wood; thus they should be segmented as a whole. In figure
A.2, the cushion and the chair are made of fabric, but the segment lines are cautiously
kept away from the cushion, and only cover the chair. Segmenting the materials for
objects should not be a problem, since material can be considered with a property of
object (Farhadi et al., 2009; Zheng et al., 2014). However, for the dense material seg-
mentation task, it is not necessary to isolate the instances of objects, so that the material
segments are expected to cross the boundary of objects. The segment lines belonging
to object boundary may train the network to identify objects instead of materials. For
the LMD, Schwartz and Nishino (2020) intentionally annotated this dataset with seg-

ments that cover only a small area of the material region, to avoid the affects of object
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boundary, as shown in Figure 3.5. Therefore, we choose to evaluate our DBAT on the
LMD rather than the OpenSurfaces.

FIGURE A.1: Annotated image example 1 from the OpenSurfaces.
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Fabric/cloth

FIGURE A.2: Annotated image example 2 from the OpenSurfaces.
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A.2 Visualisation of sSRGB and recovered sRGB pairs

This section presents additional visualisations of pairs of original sSRGB images and
their corresponding recovered sRGB images. The visualisations reveal interesting in-
sights about different scene conditions. For instance, in the first two rows, where there
is no external light source entering the toilet, the recovered images are almost identi-
cal to the original images. In contrast, the scenes with windows, as shown in the third,
fifth, and sixth rows, demonstrate noticeable variations in the generated heatmaps, em-
phasising the impact of external lighting on the recovered images. Notably, the image
in the fourth row stands out as the sunlight shines on the bed, leading to a significant
disparity in the heatmap. These visualisations highlight the need for further refinement

of the brightness assumption to regularise the training of the spectral recovery process.
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(A) Ground Truth (B) Recovered RGB (C) Heatmap of |x,,;, —
RGB xy, X Xm|

FIGURE A.3: The visualisation of more pairs of sRGB and recovered sRGB. The

heatmap is measured by averaging the difference between normalised (range [0,1])

X and X, across R, G, B channels. Pink means the difference is 0, and red means the
difference is 1.
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