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Semantic-Guided Deep Learning Frameworks for Scene Recognition: 

A Comparative Study of CNN and Transformer Models  

[Muheet Alam, 24/ISY/09] 

ABSTRACT 

Indoor scene recognition remains a challenging problem in computer vision due to large 

intra-class variation, strong inter-class similarity, and the complex contextual 

relationships that exist between objects and spatial layouts within indoor environments. 

Unlike object recognition, scene understanding requires the model to interpret not only 

the presence of semantic entities but also their spatial organization and contextual 

interactions. Conventional visual recognition approaches based solely on appearance 

features often struggle to capture these higher-level semantic relationships, particularly 

in scenes where multiple categories share similar visual structures. Semantic guidance 

has therefore emerged as an effective strategy for improving scene understanding by 

incorporating object-level contextual information into the recognition process. 

This thesis investigates how semantic supervision interacts with different deep neural 

representation architectures for indoor scene recognition. Rather than focusing solely on 

improving classification accuracy through larger models or architectural complexity, the 

study examines how the underlying representation structure of a backbone influences 

the effectiveness of semantic-guided feature learning. The work is structured as a 

progressive investigation across convolutional and transformer-based architectures 

under a consistent semantic-aware learning framework. 

The first phase of the study explores semantic-guided scene recognition using 

convolutional neural networks. A dual-branch framework consisting of an RGB branch 

and a semantic branch is employed, where semantic features derived from segmentation 

maps are integrated with visual representations through attention-based fusion. Within 

this framework, the effect of backbone architecture is analyzed by comparing ResNet-

50 and ResNeXt-50 (32×4d) under identical training and fusion conditions. 

Experimental observations show that ResNeXt produces stronger scene representations 

and achieves improved recognition performance on the MIT Indoor-67 dataset. The 

results suggest that aggregated residual transformations and increased representational 

diversity enable more effective semantic-guided feature interaction than standard 

residual learning. 

Building upon these observations, the second phase extends the investigation to 

transformer-based architectures in order to analyze how different representation formats 

respond to semantic supervision. The study evaluates Vision Transformers and 

hierarchical Swin Transformers within a representation-aligned semantic learning 

framework. Since transformer architectures organize visual information differently, 
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semantic representations are adapted to match the native structure of each backbone. 

Semantic maps are converted into token representations for Vision Transformers to 

enable token-level cross-attention, while hierarchical spatial semantic features are used 

for Swin Transformers to preserve locality and spatial alignment during fusion.  

Experimental results indicate that hierarchical transformer representations achieve more 

effective semantic-guided scene understanding than token-only representations. In 

particular, Swin-Tiny demonstrates stronger performance and more stable semantic 

interaction behavior compared to ViT-based models despite lower model complexity. 

Collectively, the findings of this thesis suggest that the effectiveness of semantic-aware 

scene recognition depends not only on the availability of semantic information, but also 

on how naturally the representation structure of the architecture supports semantic 

integration. Architectures that preserve spatial hierarchy and contextual locality appear 

to align more effectively with semantic scene cues than architectures relying purely on 

global token interactions. The study further highlights the importance of representation-

aware semantic encoding when designing multimodal scene understanding systems. 

Overall, this thesis presents a structured empirical investigation into semantic-guided 

representation learning across modern deep neural architectures for indoor scene 

recognition. The work establishes that semantic supervision becomes more effective 

when aligned with the native representation structure of the underlying backbone, and it 

provides insights that may guide future research in semantic-aware visual representation 

learning, multimodal scene understanding, and architecture-aware fusion design. 
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CHAPTER 1 

INTRODUCTION 

1.1    BACKGROUND AND MOTIVATION 

Scene recognition is a fundamental problem in computer vision that focuses on 

understanding the overall environment represented in an image. Unlike object 

recognition, which aims to identify individual entities in isolation, scene recognition 

requires the interpretation of multiple visual elements together with their contextual and 

spatial relationships. A scene is often characterized not only by the objects present within 

it, but also by how those objects are arranged and interact with the surrounding 

environment. This broader understanding of visual context makes scene recognition an 

important component in intelligent systems that rely on environmental awareness for 

decision-making and interaction [1]. 

The ability to recognize scenes accurately plays a significant role in a wide range of real-

world applications, including robotics, autonomous navigation, assistive systems, 

surveillance, multimedia retrieval, and human–computer interaction. In indoor 

environments particularly, contextual understanding becomes essential because many 

locations share visually similar structures while serving entirely different functional 

purposes. For example, a bookstore and a library may contain overlapping object 

categories such as shelves and books, yet differ in layout, arrangement, and contextual 

organization. Similarly, waiting rooms, classrooms, and auditoriums may exhibit 

comparable seating patterns despite belonging to distinct scene categories. These 

characteristics make indoor scene recognition substantially more challenging than 

conventional object-centric visual classification tasks. 

One of the primary difficulties in indoor scene recognition arises from large intra-class 

variation and strong inter-class similarity. Images belonging to the same scene category 

may differ significantly in illumination, viewpoint, scale, object arrangement, and 

background clutter. At the same time, different scene categories frequently contain 

common objects and overlapping structural patterns. As a result, relying solely on isolated 

object detection or low-level appearance features is often insufficient for robust scene 

understanding. Effective recognition requires learning representations that can capture 

both semantic context and spatial organization simultaneously. 

Traditional scene recognition approaches relied heavily on handcrafted descriptors 

designed to capture texture, gradients, color distributions, and local structural patterns [2–

4]. Although these methods provided reasonable performance on simpler datasets, they 

struggled to generalize to complex environments containing rich contextual dependencies 

and large visual variability. The emergence of deep learning, particularly convolutional 

neural networks (CNNs), significantly improved scene recognition by enabling models 

to learn hierarchical feature representations directly from large-scale image data. Deep 

convolutional architectures demonstrated strong capability in capturing progressively 
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abstract visual patterns, ranging from low-level edges and textures to higher-level 

semantic structures [1]. 

Despite these advances, appearance-driven deep representations still face limitations in 

complex indoor environments. Visual features extracted from RGB images may not 

always encode the semantic relationships necessary for distinguishing scenes with similar 

layouts or shared object distributions. In many cases, scene understanding depends not 

only on recognizing visible objects but also on interpreting how those objects contribute 

collectively to the functional identity of the environment. For instance, the presence of a 

bed may suggest a bedroom, but its arrangement relative to surrounding objects and 

spatial structure often provides equally important contextual information. These 

observations have motivated increasing interest in semantic-aware scene recognition 

approaches that incorporate higher-level semantic cues into the recognition process [5]. 

Semantic guidance introduces additional contextual information by explicitly modeling 

object-level semantics within a scene. Instead of relying entirely on appearance-based 

representations, semantic-aware frameworks integrate auxiliary information such as 

segmentation maps or object-level annotations to guide feature learning. Such semantic 

representations provide structured contextual cues regarding object presence, spatial 

arrangement, and scene composition, which can complement conventional visual 

features. Prior studies have shown that semantic information can improve robustness in 

indoor scene recognition, particularly in environments where visual ambiguity and 

contextual overlap are common [5– 7] . 

More recently, transformer-based visual architectures have emerged as powerful 

alternatives for image recognition tasks by modeling long-range contextual dependencies 

through self-attention mechanisms [6], [8]. Vision Transformers process images by 

converting image patches into sequential embedding representations and learning 

contextual relationships across these embeddings using attention-based interaction [8]. 

Hierarchical transformer architectures such as the Swin Transformer further extend this 

idea by combining attention-based contextual learning with structured multi-stage spatial 

feature hierarchies [9]. 

Token-oriented transformer architectures primarily model contextual relationships 

through attention-based interaction across distributed patch embeddings, whereas 

convolutional frameworks preserve contextual continuity through hierarchical spatial 

feature organization. Although semantic-aware scene recognition has gained considerable 

attention in recent years, much of the existing research primarily focuses on improving 

classification performance through stronger architectures or more sophisticated fusion 

strategies [5–7]. Comparatively less attention has been given to understanding how 

different representation paradigms respond to semantic supervision under consistent 

learning conditions. In particular, the interaction between semantic guidance and 

representation structure across convolutional and transformer-based architectures 

remains insufficiently explored. 

Motivated by these observations, this thesis investigates semantic-guided scene 

recognition from a representation-learning perspective. Rather than treating semantic 

supervision merely as an auxiliary source of information, the study examines how 

different deep neural architectures utilize semantic context based on their inherent 

representation characteristics. The work progressively explores convolutional and 

transformer-based frameworks within a unified semantic-aware learning setting in order 

to analyze how architectural design influences semantic-guided feature interaction and 

scene understanding. 
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1.2    PROBLEM STATEMENT 

Indoor scene recognition continues to remain a challenging visual understanding problem 

despite substantial progress in deep learning-based recognition systems. Unlike object-

centric classification tasks, indoor scene understanding requires the model to capture 

complex contextual relationships among multiple visual entities while simultaneously 

interpreting global spatial structure. Scenes are often characterized not only by the 

presence of objects, but also by their arrangement, interaction, and functional association 

within the environment. As a result, visually similar scenes may belong to different 

semantic categories, while images from the same category can exhibit significant 

variations in appearance, illumination, layout, and viewpoint. 

Deep convolutional neural networks have significantly improved scene recognition by 

learning hierarchical visual representations from large-scale image datasets [5,10]. More 

recently, transformer-based architectures have demonstrated strong capability in 

modeling long-range visual dependencies through self-attention mechanisms. At the same 

time, several semantic-aware approaches have shown that integrating semantic 

information, such as object-level context or segmentation-based representations, can 

further improve scene understanding by providing complementary contextual cues 

beyond raw visual appearance. 

However, existing semantic-guided scene recognition methods primarily focus on 

improving classification performance through stronger architectures, larger models, or 

increasingly sophisticated fusion mechanisms. In many cases, semantic information is 

incorporated as an auxiliary modality without sufficiently analyzing how the internal 

representation structure of the backbone architecture influences semantic-guided 

learning. Consequently, the interaction between semantic supervision and representation 

format remains comparatively underexplored [5– 7]. 

This limitation becomes particularly important when considering the representational 

differences between modern deep architectures. Convolutional neural networks learn 

hierarchical spatial representations that preserve locality and contextual continuity 

through successive convolutional operations. In contrast, Vision Transformers organize 

images as sequences of tokens and rely on global self-attention to model relationships 

across image regions [8]. Hierarchical transformers such as the Swin Transformer 

combine attention-based learning with progressively aggregated spatial feature 

representations [9]. Since semantic information itself is inherently structured and spatially 

contextual, different representation paradigms may interact with semantic guidance in 

fundamentally different ways. 

Another important issue is that several existing approaches apply similar semantic fusion 

strategies across different backbone architectures without sufficiently considering 

whether the semantic representation format aligns naturally with the internal 

representation structure of the underlying model. Therefore, a systematic investigation is 

required to analyze how semantic supervision behaves across different deep 

representation architectures under a controlled learning framework. Understanding this 

interaction is important not only for improving scene recognition performance, but also 

for gaining deeper insight into how modern deep networks learn semantic and contextual 

representations for complex visual understanding tasks. 

Motivated by these challenges, this thesis investigates semantic-guided indoor scene 

recognition from a representation-centric perspective. The study examines how 
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convolutional and transformer-based architectures respond to semantic supervision, how 

representation structure influences semantic-guided feature interaction, and whether 

representation-aligned semantic encoding can improve semantic-aware scene 

understanding in indoor environments. 

 

1.3    RESEARCH OBJECTIVES 

The primary objective of this thesis is to investigate how semantic supervision interacts 

with different deep neural representation architectures for indoor scene recognition. The 

study focuses on understanding the role of representation structure in semantic-guided 

feature learning rather than solely improving classification accuracy through larger or 

more complex models. 

To achieve this objective, the thesis aims to address the following specific goals: 

1. To study the effectiveness of semantic-guided feature learning for indoor scene 

recognition using deep neural architectures. 

2. To analyze the influence of convolutional backbone design on semantic-aware 

scene representation learning through a comparative investigation of ResNet and 

ResNeXt architectures. 

3. To investigate how different transformer representation formats, particularly 

token-based and hierarchical spatial representations, interact with semantic 

guidance during scene understanding. 

4. To examine the importance of representation-aligned semantic encoding for 

effective integration of semantic and visual information across transformer 

architectures. 

5. To perform a comparative architectural analysis of convolutional and transformer-

based semantic-aware frameworks under a consistent experimental setting using 

the MIT Indoor-67 dataset. 

6. To derive representation-level insights regarding how spatial structure, contextual 

modeling, and representational diversity influence semantic-guided indoor scene 

recognition. 

Through these objectives, the thesis seeks to contribute toward a deeper understanding of 

semantic-aware representation learning and the role of architecture design in modern 

scene understanding systems. 
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1.4    RESEARCH QUESTIONS 

The central focus of this thesis is to understand how semantic supervision interacts with 

different deep representation architectures for indoor scene recognition. In particular, the 

study investigates whether the effectiveness of semantic-guided learning depends on how 

visual information is internally represented and organized within deep neural networks. 

Based on the problem formulation and research objectives, the thesis is guided by the 

following research questions: 

1. How does semantic supervision influence scene representation learning in deep 

neural architectures for indoor scene recognition?  

2. To what extent does backbone architecture affect the effectiveness of semantic-

guided feature interaction within convolutional scene recognition frameworks?  

3. How do token-based transformer representations and hierarchical spatial 

transformer representations differ in their ability to utilize semantic context for 

scene understanding?  

4. Does representation-aligned semantic encoding improve the integration of 

semantic and visual information across different transformer architectures?  

5. Are hierarchical spatial representations more naturally suited for semantic-guided 

indoor scene recognition than purely token-based representations?  

6. How do representational diversity, spatial locality, and contextual modeling 

contribute to semantic-aware scene understanding across convolutional and 

transformer-based architectures?  

These research questions collectively guide the experimental design and architectural 

analysis presented throughout the thesis. The investigation is intended not only to evaluate 

recognition performance, but also to derive broader insights into how representation 

structure influences semantic-aware visual learning in modern deep neural systems. 

 

1.5    SCOPE OF THE THESIS 

This thesis focuses on semantic-guided indoor scene recognition using modern deep 

neural architectures. The study investigates how semantic supervision interacts with 

different representation structures in convolutional and transformer-based models, with 

particular emphasis on representation learning, semantic feature integration, and 

architectural behavior during scene understanding. 

The experimental analysis is conducted using the MIT Indoor-67 dataset, which is a 

widely adopted benchmark for indoor scene recognition. The work is limited to indoor 

environments, where scene categories exhibit strong contextual dependencies, large intra-

class variation, and significant overlap in object composition and spatial structure. The 

investigation does not extend to outdoor scene recognition or general-purpose visual 

classification tasks. 

The thesis considers two major representation paradigms in deep visual learning. The first 

phase investigates convolutional architectures through a semantic-aware framework 

using ResNet-50 and ResNeXt-50 backbones. The second phase extends the analysis 
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toward transformer-based architectures, including Vision Transformers and hierarchical 

Swin Transformers. The study examines how these architectures respond to semantic 

supervision under controlled experimental settings while maintaining a consistent 

semantic-aware learning framework. 

The scope of the work includes semantic feature extraction, semantic-guided fusion 

mechanisms, representation-aligned semantic encoding, and comparative architectural 

analysis. Semantic information is incorporated through segmentation-based contextual 

representations generated using pretrained semantic segmentation models [11]. However, 

the segmentation model itself is not optimized or modified as part of this research. The 

focus remains on understanding how semantic information interacts with different 

backbone representations during scene recognition. 

This thesis does not aim to propose an entirely new state-of-the-art architecture or 

optimize large-scale benchmark performance through extensive hyperparameter tuning 

or massive model scaling. Instead, the work is intended as a structured empirical 

investigation into the relationship between semantic supervision and representation 

structure across deep neural architectures. Similarly, the study does not explore 

multimodal extensions involving depth information, video-based scene understanding, 

language supervision, or cross-domain adaptation. 

The experimental evaluation is limited to selected convolutional and transformer 

architectures in order to maintain a controlled and interpretable comparative framework. 

While deeper or larger variants may provide additional performance improvements, the 

objective of the thesis is to analyze representation behavior and semantic interaction 

rather than exhaustively benchmark all possible architectures. 

Overall, the scope of this thesis is centered on developing a representation-aware 

understanding of semantic-guided indoor scene recognition and analyzing how 

architectural design influences semantic feature learning in modern deep neural systems. 

 

1.6    THESIS CONTRIBUTIONS 

The primary contribution of this thesis lies in the systematic investigation of semantic-

guided scene recognition from a representation-learning perspective across modern deep 

neural architectures. Rather than focusing solely on benchmark-oriented performance 

improvement, the study analyzes how different representation structures influence the 

integration and effectiveness of semantic supervision in indoor scene understanding. 

The major contributions of the thesis are summarized as follows: 

1. A semantic-aware indoor scene recognition framework is investigated using 

convolutional and transformer-based architectures under a consistent 

experimental setting to analyze the interaction between semantic guidance and 

visual representation learning. 

2. A comparative architectural study is conducted between ResNet-50 and ResNeXt-

50 within a semantic-guided convolutional framework, demonstrating the 

influence of aggregated residual transformations and representational diversity on 

semantic-aware scene recognition performance. 

3. A representation-aligned semantic learning framework is explored for 

transformer-based scene recognition, where semantic encoding strategies are 
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adapted according to the representation format of the underlying transformer 

architecture. 

4. The study provides an analysis of token-based transformer representations and 

hierarchical spatial transformer representations in the context of semantic-guided 

indoor scene understanding using Vision Transformers and Swin Transformers. 

5. Experimental observations show that hierarchical spatial representations preserve 

semantic and contextual relationships more effectively than purely token-based 

representations for indoor scene recognition tasks. 

6. The thesis establishes that semantic supervision becomes more effective when the 

semantic representation format is aligned with the native representation structure 

of the underlying architecture. 

7. The work contributes broader representation-level insights into how spatial 

locality, contextual structure, and representational diversity influence semantic-

aware feature learning across deep neural architectures. 

Collectively, these contributions position the thesis as a structured empirical investigation 

into semantic-aware representation learning for indoor scene understanding rather than a 

purely benchmark-driven architectural study. 

 

1.7    THESIS ORGANIZATION 

This thesis is organized into six chapters, each progressively developing the investigation 

into semantic-guided representation learning for indoor scene recognition. 

Chapter 1 introduces the background and motivation behind indoor scene recognition and 

discusses the importance of semantic context in complex visual understanding tasks. The 

chapter presents the problem statement, research objectives, research questions, scope of 

the study, major contributions, and the overall organization of the thesis. 

Chapter 2 presents a detailed literature review covering conventional scene recognition 

methods, convolutional neural networks, semantic-aware scene recognition approaches, 

and transformer-based visual architectures. The chapter further discusses representation-

centric analysis relevant to semantic-guided scene understanding and identifies the 

research gaps motivating the present work. 

Chapter 3 investigates semantic-guided scene recognition using convolutional neural 

networks. A dual-branch semantic-aware framework is analyzed using ResNet-50 and 

ResNeXt-50 backbones in order to study the influence of representational diversity and 

aggregated residual learning on semantic-aware feature interaction. 

Chapter 4 extends the investigation toward transformer-based architectures. The chapter 

analyzes how semantic supervision interacts with token-based and hierarchical 

transformer representations using Vision Transformers and Swin Transformers within a 

representation-aligned semantic learning framework. 

Chapter 5 presents the experimental results, comparative analysis, and representation-

level discussion of the investigated architectures. The chapter interprets the observed 

performance trends and examines how representation structure influences semantic-

guided scene understanding across convolutional and transformer-based frameworks. 

Chapter 6 concludes the thesis by summarizing the major findings and architectural 

insights derived from the study. The chapter also discusses future research directions and 
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the broader relevance of semantic-aware representation learning for intelligent visual 

understanding systems. 
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CHAPTER 2 

LITERATURE REVIEW AND PROBLEM IDENTIFICATION 

2.1    INTRODUCTION 

Scene recognition has evolved into an important research problem in computer vision due 

to its central role in enabling machines to interpret complex visual environments. Unlike 

object recognition, which primarily focuses on identifying isolated entities, scene 

recognition requires understanding the overall semantic and spatial structure of an 

environment [12]. Indoor scene understanding is particularly challenging because scenes 

are often defined through a combination of object presence, contextual relationships, and 

spatial organization rather than by a single dominant visual cue. These challenges have 

motivated extensive research into learning more effective visual representations for 

scene-level understanding [13], [14]. 

Early scene recognition methods relied on handcrafted visual descriptors designed to 

capture texture, gradients, and local structural patterns. Although these approaches 

achieved moderate success on simpler datasets, they struggled to generalize to complex 

indoor environments characterized by large intra-class variation and strong inter-class 

similarity [5]. The emergence of deep convolutional neural networks significantly 

improved scene recognition performance by enabling hierarchical feature learning 

directly from image data. Convolutional architectures demonstrated strong capability in 

capturing progressively abstract visual representations, leading to substantial advances in 

large-scale visual recognition tasks. 

Despite these improvements, purely appearance-based feature learning often remains 

insufficient for robust indoor scene understanding. Many indoor environments contain 

overlapping visual patterns and similar object distributions, making semantic context 

increasingly important for reliable recognition. Consequently, several studies have 

explored semantic-aware scene recognition frameworks that integrate object-level or 

segmentation-based semantic information with visual representations. These approaches 

demonstrate that semantic guidance can provide complementary contextual cues that 

improve scene understanding beyond conventional RGB feature learning alone. 

More recently, transformer-based architectures have introduced new representation 

paradigms for visual learning. Vision Transformers model images as sequences of patch 

tokens and learn global relationships through self-attention mechanisms, while 

hierarchical transformers preserve spatial feature organization across multiple 

representation stages. These architectural differences suggest that semantic information 

may interact differently with various representation formats depending on how spatial 

structure and contextual relationships are internally modeled within the network. 

Motivated by these developments, this chapter reviews existing literature related to scene 

recognition, semantic-aware visual learning, convolutional and transformer-based 

architectures, and modern representation learning approaches. The chapter further 
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examines how semantic guidance has been incorporated into deep scene recognition 

systems and identifies the research gaps that motivate the representation-centric 

investigation presented in this thesis. 

 

2.2    EVOLUTION OF SCENE RECOGNITION 

Scene recognition has undergone significant evolution over the past two decades, 

progressing from handcrafted visual descriptor-based methods to modern deep 

representation learning frameworks. This progression has largely been driven by the 

increasing complexity of visual understanding tasks and the growing need for models 

capable of capturing semantic context, spatial structure, and high-level environmental 

relationships. As indoor scene understanding involves interpreting multiple interacting 

visual components rather than isolated objects, advances in scene recognition have 

closely followed developments in visual representation learning. 

Early scene recognition methods primarily relied on handcrafted feature descriptors 

designed to capture low-level appearance patterns such as texture, edges, gradients, and 

local spatial structures. Traditional approaches commonly used descriptors including 

Scale-Invariant Feature Transform (SIFT) [2], Histogram of Oriented Gradients (HOG) 

[3], GIST [4], and bag-of-visual-words representations to model scene characteristics. 

These methods attempted to encode global scene layout and local image statistics using 

manually designed features combined with conventional machine learning classifiers. 

Although such approaches demonstrated reasonable performance on constrained datasets, 

they often struggled to generalize to complex real-world environments containing large 

appearance variation, clutter, viewpoint changes, and overlapping object distributions. 

The introduction of large-scale scene datasets such as MIT Indoor-67 significantly 

highlighted the limitations of handcrafted representations for indoor scene understanding. 

Indoor environments contain highly diverse object arrangements and contextual 

dependencies that are difficult to model through manually engineered descriptors alone. 

As a result, the focus gradually shifted toward learning feature representations directly 

from data rather than relying on fixed handcrafted visual patterns. 

The emergence of deep convolutional neural networks marked a major transition in scene 

recognition research. CNN-based architectures enabled hierarchical representation 

learning, where lower layers captured local visual primitives while deeper layers learned 

increasingly abstract semantic structures. This hierarchical feature learning capability 

substantially improved scene recognition performance across multiple benchmarks. 

Architectures such as AlexNet [15], VGGNet [16], GoogLeNet [17], and later ResNet 

[18] demonstrated that deep visual representations could effectively capture both local 

appearance cues and broader contextual information necessary for scene understanding. 

Residual learning further improved deep representation learning by addressing 

optimization difficulties associated with increasing network depth. ResNet introduced 

identity shortcut connections that enabled stable training of deeper convolutional 

networks, allowing models to learn richer and more discriminative visual representations 

[18]. Subsequent architectures such as ResNeXt  [19] further expanded residual learning 

by combining multiple parallel grouped transformations within each residual block, 

improving representational diversity while maintaining computational efficiency [19]. 

These developments suggested that architectural design itself plays an important role in 

determining the quality and diversity of learned scene representations. 
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At the same time, researchers increasingly recognized that scene understanding depends 

not only on visual appearance but also on semantic relationships between objects and 

spatial context. This led to the development of semantic-aware scene recognition 

approaches that incorporated object-level cues, semantic segmentation information, 

contextual attention mechanisms, and multimodal feature fusion strategies [5], [20]. 

Semantic-guided methods demonstrated that integrating contextual object information 

could improve robustness in challenging indoor environments where scene categories 

exhibit strong visual overlap [7], [10]. 

More recently, transformer-based architectures have introduced a new direction for visual 

representation learning. Inspired by advances in natural language processing, Vision 

Transformers model images as sequences of patch embeddings and use self-attention 

mechanisms to capture long-range relationships between image regions [8]. Unlike 

convolutional networks, which rely primarily on localized receptive fields and 

hierarchical spatial feature extraction, transformers emphasize global relational modeling 

through attention-based interactions. This shift introduced fundamentally different 

representation structures for visual learning. 

Hierarchical transformer architectures such as the Swin Transformer [9] further expanded 

transformer-based visual learning by combining self-attention with multi-stage spatial 

feature hierarchies. These models preserve locality and spatial continuity while enabling 

progressively larger receptive fields across network stages. As a result, modern scene 

recognition research now includes multiple representation paradigms, ranging from 

convolutional spatial hierarchies to token-based transformer representations and hybrid 

hierarchical attention models. 

The evolution of scene recognition therefore reflects a broader transition in computer 

vision from handcrafted appearance modeling toward increasingly sophisticated 

representation learning strategies. While early research primarily focused on visual 

pattern extraction, recent developments emphasize contextual understanding, semantic 

reasoning, and representation structure. These advances have created new opportunities 

to investigate how semantic information interacts with different deep representation 

architectures during scene understanding, particularly in complex indoor environments 

where contextual and spatial relationships play a central role. 

 

2.3    DEEP CNN-BASED SCENE RECOGNITION 

The introduction of deep convolutional neural networks (CNNs) significantly 

transformed scene recognition research by enabling models to learn hierarchical visual 

representations directly from image data. Unlike handcrafted feature-based approaches, 

CNNs automatically learn discriminative representations through multiple layers of 

convolutional operations, allowing the network to progressively capture low-level 

textures, mid-level structural patterns, and higher-level semantic information. This ability 

to learn hierarchical representations proved particularly effective for scene understanding 

tasks, where recognition depends on capturing both local object details and broader 

contextual structure simultaneously. 

Early deep learning architectures such as AlexNet demonstrated the effectiveness of deep 

convolutional feature learning for large-scale ImageNet visual recognition tasks, 

motivating the broader adoption of CNNs for scene classification problems [15]. 

Subsequent architectures including VGGNet and GoogLeNet further improved 

representation quality through deeper networks and computationally efficient 
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architectural designs [16–17]. These models established that deeper convolutional 

representations could capture increasingly abstract scene-level characteristics beyond 

simple object appearance. 

One of the most important developments in deep CNN-based representation learning was 

the introduction of residual learning through ResNet architectures. Increasing network 

depth had previously led to optimization difficulties such as vanishing gradients and 

degradation in training performance. ResNet mitigated these limitations by incorporating 

residual skip pathways that allowed feature information to flow directly across layers. 

This residual formulation made it possible to optimize much deeper convolutional 

architectures more reliably while maintaining effective gradient propagation during 

training [18]. 

For scene recognition tasks, residual learning proved particularly beneficial because 

indoor environments often contain complex combinations of objects, textures, spatial 

layouts, and contextual patterns that require rich hierarchical representations. Deep 

residual networks demonstrated strong capability in learning discriminative scene-level 

features while maintaining computational feasibility [5]. As a result, ResNet-based 

architectures became widely adopted in semantic-aware and multimodal scene 

recognition frameworks. 

Despite the strong performance of residual networks, increasing network depth alone does 

not always guarantee improved representation quality for complex scene understanding 

tasks. Scene recognition requires the model to simultaneously capture diverse visual cues, 

including object groupings, structural layouts, contextual arrangements, and background 

patterns. Standard residual blocks typically learn a single transformation pathway within 

each block, which may limit the diversity of learned feature representations at a fixed 

depth. 

To overcome the limitations of conventional residual architectures, ResNeXt introduced 

grouped residual transformations as an additional design dimension referred to as 

cardinality. Rather than scaling only network depth or layer width, the architecture 

combines several parallel transformation branches within each residual block and 

aggregates their outputs into a unified representation [19]. This approach improves 

feature diversity while keeping computational cost relatively manageable. 

The idea of cardinality is particularly relevant for scene recognition, where indoor 

environments often contain multiple semantic cues that appear simultaneously across 

different regions of the image. Parallel grouped transformations allow the network to 

model varied visual characteristics at the same time, including object configurations, 

spatial organization, and contextual scene patterns. Prior studies suggest that increasing 

cardinality can strengthen representation learning more effectively than relying solely on 

deeper or wider network structures, especially for visually complex recognition tasks 

[19]. 

At the same time, CNN-based scene recognition research increasingly incorporated 

contextual and semantic information to complement appearance-based feature learning. 

Several studies explored combining convolutional RGB features with object-level cues, 

semantic segmentation maps, and attention-guided contextual representations. These 

semantic-aware frameworks demonstrated that convolutional representations become 

more effective when semantic information is integrated during feature learning and fusion 

[5], [20]. 
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Attention mechanisms further improved CNN-based scene recognition by enabling 

models to emphasize informative spatial regions and suppress less relevant visual 

responses [7]. In semantic-guided frameworks, attention-based fusion strategies often use 

semantic features to regulate convolutional feature activations, allowing contextual object 

information to guide scene representation learning [5]. Such approaches have shown 

improved robustness in distinguishing visually similar indoor environments where 

contextual semantics play an important role. 

Although convolutional architectures have demonstrated strong capability in scene 

recognition, their representation behavior remains closely tied to architectural design 

choices such as residual connectivity, grouped transformations, receptive field growth, 

and feature aggregation strategy. These observations suggest that the effectiveness of 

semantic-guided learning may depend not only on the availability of semantic 

information, but also on how convolutional architectures internally organize and diversify 

visual representations. 

Consequently, modern CNN-based scene recognition research has gradually shifted from 

purely improving classification accuracy toward understanding how architectural 

structure influences representation learning and contextual feature interaction. This 

perspective is particularly relevant for semantic-aware indoor scene recognition, where 

successful understanding depends on effective integration of visual appearance, 

contextual semantics, and spatial relationships within the learned representation space. 

 

2.4    SEMANTIC-AWARE SCENE RECOGNITION 

Traditional scene recognition approaches primarily relied on learning visual 

representations directly from RGB images. Although deep convolutional networks 

substantially improved recognition performance through hierarchical feature extraction, 

appearance-based learning alone often remains insufficient for robust understanding of 

complex indoor environments. Indoor scenes are frequently characterized by contextual 

relationships among multiple objects and spatial arrangements rather than by isolated 

visual patterns. As a result, visually similar environments may belong to different scene 

categories despite sharing common textures, structures, or object distributions. These 

limitations motivated the development of semantic-aware scene recognition approaches 

that incorporate higher-level contextual information into the recognition process [10]. 

Semantic-aware scene recognition aims to improve scene understanding by integrating 

semantic cues such as object presence, semantic segmentation maps, contextual 

relationships, or region-level scene attributes with conventional visual representations 

[5]. Instead of relying entirely on appearance information, these methods attempt to guide 

representation learning using structured semantic context that reflects the functional 

composition of the environment. Such contextual information becomes particularly 

valuable in indoor scenes where object arrangement and semantic relationships strongly 

influence scene identity. 

Early semantic-aware approaches explored the use of object detection outputs and 

semantic attributes to complement visual feature learning. These methods demonstrated 

that object-level contextual cues could improve scene classification performance by 

providing information about functional scene composition [5,20]. For example, the 

presence of objects such as beds, desks, ovens, or bookshelves can provide important 

semantic indicators regarding the underlying scene category. However, object-centric 

semantic representations alone were often insufficient because scene understanding also 
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depends on spatial layout and contextual interaction among objects as depicted in the Fig 

2.1 given below. 

 

 
Fig 2.1: Scene recognition outcomes based on input data:  

(a) An RGB image illustrating the "Bedroom" scene category. 

(b) Semantic segmentation derived from (a). 

(c) Class Activation Map (CAM) generated solely from the RGB image (a). 

(d) CAM generated exclusively from the semantic segmentation (b). 

(e) CAM created using the proposed method, which combines both (a) and (b). 

 The Top@3 predicted classes are displayed in the upper-left corner of images (c) to (e). 

The growing availability of semantic segmentation models further expanded semantic-

aware scene recognition research. Semantic segmentation provides dense pixel-level 

semantic annotations describing object categories and spatial structure throughout the 

image [11]. Several studies utilized segmentation-based semantic maps as auxiliary inputs 

for scene recognition frameworks, allowing models to capture richer contextual 

information beyond conventional RGB appearance features. By incorporating semantic 

segmentation representations, scene recognition systems became more capable of 

distinguishing visually ambiguous environments through contextual reasoning [5], [20]. 

Deep semantic-aware frameworks commonly employ multi-branch architectures 

consisting of separate RGB and semantic processing streams [5], [20]. In such 

frameworks, the RGB branch learns visual appearance representations while the semantic 

branch extracts object-level contextual information from segmentation maps or semantic 

annotations. The outputs of these branches are subsequently combined through feature 
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fusion mechanisms to produce semantically enriched scene representations. This 

multimodal learning strategy allows semantic context to guide or complement visual 

feature learning during scene classification . 

Attention mechanisms have become increasingly important in semantic-aware scene 

recognition frameworks. Instead of relying solely on direct feature concatenation, 

attention-based fusion allows semantic cues to dynamically influence visual feature 

representations during learning. In many semantic-guided architectures, attention 

modules help the network assign greater importance to spatially relevant scene regions 

while reducing the influence of less useful background information [20]. This selective 

interaction between semantic and visual features has been shown to improve recognition 

performance in indoor environments, where fine contextual details often distinguish 

visually similar scene categories [5], [7]. 

Several studies have also explored contextual reasoning mechanisms to model 

relationships between objects, scene layout, and semantic structure more explicitly. 

Graph-based contextual learning, region interaction modeling, and semantic relation 

learning frameworks have demonstrated that scene understanding benefits from capturing 

interactions among semantic entities rather than treating objects independently. These 

approaches further highlight that scene recognition is fundamentally a contextual 

reasoning problem rather than a purely appearance-based classification task. 

Despite the effectiveness of semantic-aware learning, most existing methods primarily 

focus on improving recognition accuracy through stronger semantic encoders, larger 

backbones, or increasingly sophisticated fusion modules. Comparatively less attention 

has been given to analyzing how the representation structure of the underlying 

architecture influences semantic-guided feature interaction. In many cases, identical 

semantic fusion strategies are applied across different backbone architectures without 

considering whether semantic representations align naturally with the internal 

organization of visual features. 

This limitation becomes increasingly important with the emergence of modern 

representation paradigms beyond conventional convolutional architectures. Semantic 

information is inherently structured and spatially contextual, and its effectiveness may 

depend on how the underlying model represents spatial relationships, contextual 

continuity, and feature interactions. Convolutional architectures preserve locality through 

hierarchical spatial feature maps, whereas transformer-based architectures may organize 

information through token sequences or hierarchical attention representations. 

Consequently, semantic guidance may interact differently with different representation 

formats. 

These observations suggest that understanding semantic-aware scene recognition requires 

more than evaluating classification accuracy alone. It also requires examining how 

semantic supervision interacts with the representation structure of deep neural 

architectures during feature learning and scene understanding. This perspective motivates 

the representation-centric investigation explored in the subsequent chapters of this thesis. 

 

2.5    TRANSFORMER-BASED VISUAL REPRESENTATION LEARNING 

Transformer-based architectures have recently emerged as an important direction in 

visual representation learning due to their ability to model long-range relationships 

through self-attention mechanisms. Originally developed for natural language processing 
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tasks, transformers demonstrated strong capability in learning contextual dependencies 

between sequential elements. Their extension to computer vision introduced a 

fundamentally different representation paradigm compared to conventional convolutional 

neural networks, shifting the focus from localized convolutional feature extraction toward 

global relational modelling [10]. 

Vision Transformer models an image as a sequence of visual tokens instead of 

maintaining conventional spatial feature maps throughout the network. The input image 

is first partitioned into non-overlapping patches, after which each patch is flattened and 

transformed into a learned token embedding. These token representations are processed 

using multiple transformer encoder layers composed of multi-head self-attention and 

feed-forward modules. Through the self-attention mechanism, each token can exchange 

information with all other tokens in the sequence, enabling the architecture to model long-

range contextual dependencies across different image regions [8]. 

Unlike convolutional architectures, which rely on inductive biases such as locality and 

weight sharing, Vision Transformers learn visual relationships primarily through 

attention-based interactions. This design provides strong flexibility in modelling 

contextual dependencies and long-range semantic interactions. As a result, transformer-

based models have demonstrated competitive performance across multiple visual 

recognition tasks, including image classification, object detection, segmentation, and 

scene understanding. 

However, the representation structure of Vision Transformers differs substantially from 

that of convolutional networks. CNNs preserve spatial continuity through hierarchical 

feature maps, whereas ViTs organize visual information as token sequences [8]. Although 

positional embeddings provide implicit spatial information, explicit spatial locality is not 

directly maintained in the same manner as convolutional representations [1]. 

Consequently, transformer-based visual learning introduces a different balance between 

global contextual modeling and spatial structural preservation. 

These representational differences become particularly important for scene recognition 

tasks. Indoor scene understanding depends heavily on both object relationships and 

spatial organization within the environment. While global self-attention enables flexible 

contextual interaction across image regions, purely token-based representations may 

weaken local spatial continuity that is often important for understanding scene layout and 

structural arrangement [8], [21]. This challenge motivated the development of 

hierarchical transformer architectures that combine attention-based learning with multi-

scale spatial representation hierarchies. 

Swin Transformer proposed a hierarchical transformer architecture that retains spatial 

feature structure while benefiting from attention-driven contextual modeling. Rather than 

computing attention across the entire image at every stage, the model restricts self-

attention to localized windows and gradually combines information through successive 

hierarchical layers. To facilitate communication beyond individual windows, shifted 

window partitioning is introduced, enabling neighboring regions to exchange information 

without substantially increasing computational cost [9]. 

This hierarchical organization makes the Swin architecture more aligned with 

conventional convolutional feature pyramids, while still relying on transformer-based 

attention operations for representation learning. Intermediate feature representations 

continue to preserve spatial locality across stages, helping maintain structural consistency 

and contextual relationships during learning [9]. These characteristics are especially 

valuable for indoor scene recognition tasks, where accurate understanding often depends 
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not only on the presence of objects but also on how they are spatially arranged within the 

environment. 

Transformer-based visual learning has also been increasingly explored in multimodal and 

semantic-aware recognition tasks [6], [22]. Several recent studies have incorporated 

semantic information, contextual embeddings, or cross-modal attention mechanisms into 

transformer frameworks to improve scene understanding and contextual reasoning [10], 

[21], [22]. Attention-based architectures naturally support flexible feature interaction 

between modalities, making them suitable for integrating semantic cues with visual 

representations [7]. 

Nevertheless, the effectiveness of semantic guidance within transformer architectures 

may depend strongly on the underlying representation format. Token-based transformers 

process information through sequential embeddings and global attention interactions, 

whereas hierarchical transformers maintain structured spatial feature organization across 

representation stages. Semantic information itself is inherently spatial and contextual, 

suggesting that semantic feature integration may behave differently across these 

representation paradigms. 

Despite the growing adoption of transformer-based models for visual recognition, 

comparatively limited work has examined how representation structure influences 

semantic-guided feature interaction within transformer architectures. Existing studies 

primarily focus on performance improvement through larger models or stronger attention 

mechanisms [7], [21], while representation-level compatibility between semantic 

information and visual structure remains less explored. 

These observations indicate that transformer-based scene recognition should not be 

viewed solely as a replacement for convolutional architectures, but rather as an alternative 

representation paradigm with distinct semantic interaction behavior. Understanding how 

semantic supervision interacts with token-based and hierarchical transformer 

representations is therefore important for developing more effective semantic-aware 

scene understanding systems. This representation-centric perspective forms an important 

foundation for the architectural analysis presented later in this thesis. 

 

2.6    REPRESENTATION LEARNING PERSPECTIVE 

Representation learning forms a fundamental component of modern scene recognition 

because the organization and quality of internal feature representations strongly influence 

how effectively a model can interpret spatial context and semantic relationships within 

an environment. In indoor scene understanding, the goal extends beyond recognizing 

isolated visual elements; models must also encode object arrangements, contextual 

dependencies, and overall scene composition within a unified representation space. As 

deep learning methods have progressed, multiple architectural paradigms have emerged, 

each structuring visual information differently. These differences in representation 

organization can influence how semantic cues interact with visual features during scene 

interpretation. 

Convolutional neural networks primarily construct hierarchical spatial representations 

using localized convolutional filtering operations. Initial layers typically respond to low-

level visual characteristics such as edges, gradients, and texture patterns, whereas deeper 

layers gradually encode more abstract semantic structures and contextual information. 

Throughout this hierarchy, CNNs retain spatial neighborhood relationships within feature 
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maps, allowing structural coherence to persist across successive representation stages. 

Such spatially organized feature hierarchies are particularly useful for scene recognition 

tasks in which object placement and environmental layout contribute significantly to 

scene identity [15]. 

Residual architectures further strengthened convolutional representation learning by 

improving information propagation across deep feature hierarchies. Architectures such as 

ResNeXt [19] expanded this idea through grouped residual transformations that 

encourage multiple parallel feature pathways within individual blocks. From a 

representation-learning standpoint, these architectural variations allow networks to 

encode a broader range of visual and contextual patterns simultaneously. In scene 

recognition, where environments often contain diverse object arrangements and 

overlapping semantic signals, increased representational diversity can support more 

effective semantic-feature interaction. 

Transformer-based vision models introduced a contrasting representation paradigm built 

around token-wise interaction through self-attention operations. Vision Transformer 

processes images as sequences of visual tokens and models relationships globally through 

attention across the token set. Unlike convolutional representations, transformer features 

are not strictly limited by localized receptive fields, enabling direct contextual interaction 

between distant image regions. This ability to model long-range dependencies allows 

transformers to capture broad contextual relationships efficiently [8]. 

At the same time, token-oriented representations modify how spatial structure is 

maintained within the learned feature space. Because images are represented as ordered 

token sequences rather than continuous spatial feature maps, locality is preserved more 

indirectly through positional encoding and learned attention behavior. Although this 

formulation supports strong contextual reasoning at the global level, certain fine-grained 

spatial dependencies important for layout-sensitive scene understanding may become less 

explicitly represented. 

Hierarchical transformer architectures aim to combine the advantages of attention-based 

contextual modeling with structured spatial representation learning. Models such as Swin 

Transformer preserve multi-stage spatial organization while progressively enlarging 

contextual receptive fields through localized attention windows. Consequently, 

hierarchical transformers retain stronger spatial continuity than purely token-based 

transformer models while continuing to benefit from attention-driven contextual 

interaction [9]. 

These representational characteristics become especially significant when semantic 

supervision is integrated into the learning pipeline. Semantic cues obtained from 

segmentation maps or object-level annotations are closely tied to both contextual 

relationships and spatial arrangement. As a result, the effectiveness of semantic-guided 

learning depends not only on the semantic information itself, but also on how naturally it 

fits within the representational organization of the backbone architecture. 

In convolutional models, semantic guidance can interact directly with hierarchical spatial 

feature maps, allowing localized semantic modulation across visual regions and 

contextual structures [5]. Hierarchical transformers similarly maintain sufficient spatial 

organization for semantic features to align effectively with visual representations during 

fusion. By comparison, token-based transformer architectures often require semantic 

information to be reformulated into compatible token embeddings before effective 

interaction can occur. These observations indicate that semantic encoding strategies and 
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backbone representation formats should ideally remain structurally compatible during 

multimodal integration. 

More broadly, representation learning in semantic-aware scene recognition involves 

balancing three interconnected aspects: contextual reasoning, preservation of spatial 

organization, and compatibility with semantic information. Architectures emphasizing 

global interaction may model wide contextual relationships effectively, but can reduce 

sensitivity to localized structural cues. Conversely, architectures that maintain stronger 

spatial hierarchy may better support structured semantic integration while preserving 

scene-level continuity. 

Accordingly, understanding semantic-aware scene recognition requires examining not 

only classification accuracy, but also the internal organization of semantic and contextual 

information within learned representations. The success of semantic supervision may 

ultimately depend on whether the architecture naturally supports the type of semantic 

interaction required for scene understanding. This representation-centered viewpoint 

provides the conceptual basis for the comparative architectural analysis presented in the 

subsequent chapters of this thesis. 

 

2.7    RESEARCH GAPS AND PROBLEM IDENTIFICATION 

Recent advances in deep learning have substantially improved scene recognition 

performance through stronger visual representations, deeper architectures, semantic-

aware learning strategies, and transformer-based contextual modeling. Convolutional 

neural networks demonstrated the effectiveness of hierarchical feature learning for 

capturing scene-level visual patterns, while semantic-aware frameworks showed that 

integrating contextual object information can further improve indoor scene 

understanding. More recently, transformer-based architectures introduced new 

representation paradigms capable of modeling long-range contextual relationships 

through self-attention mechanisms. Collectively, these developments have significantly 

advanced the state of scene recognition research. 

At the same time, existing literature reveals several important limitations that remain 

insufficiently explored, particularly from a representation-learning perspective. Most 

semantic-aware scene recognition approaches primarily focus on improving classification 

performance through stronger backbones, larger models, enhanced semantic encoders, or 

increasingly sophisticated fusion mechanisms. Although these methods demonstrate that 

semantic guidance can improve scene understanding, comparatively less attention has 

been given to understanding how semantic supervision interacts with different 

representation architectures during feature learning. 

One major limitation is that many existing semantic-guided frameworks treat semantic 

information as a generic auxiliary modality without considering whether the semantic 

representation format aligns naturally with the internal representation structure of the 

backbone architecture. In several studies, identical semantic fusion strategies are applied 

across different architectures despite substantial differences in how visual information is 

organized and processed internally. Such approaches often overlook the possibility that 

semantic guidance may behave differently depending on whether the underlying 

representation preserves spatial hierarchy, contextual locality, or token-level relational 

structure. 
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This issue becomes increasingly important with the emergence of transformer-based 

visual architectures. Vision Transformers organize images as token sequences and 

emphasize global contextual interaction through self-attention, whereas convolutional 

networks preserve locality through hierarchical spatial feature maps. Hierarchical 

transformers such as the Swin Transformer introduce yet another representation paradigm 

by combining spatial hierarchies with attention-based contextual modeling. Despite these 

architectural differences, existing studies rarely analyze how semantic supervision 

interacts with these distinct representation structures under controlled experimental 

conditions. 

Another important research gap is the limited comparative analysis between 

convolutional and transformer-based semantic-aware scene recognition frameworks from 

a representation-centric perspective. Most existing comparisons focus primarily on 

benchmark performance and parameter scaling rather than examining how different 

architectures utilize semantic context during feature interaction. Consequently, important 

questions regarding representation compatibility, semantic alignment, and contextual 

integration remain insufficiently addressed. 

Furthermore, several semantic-aware approaches rely heavily on stronger architectures or 

larger-scale models without isolating the influence of representation structure itself. As a 

result, it becomes difficult to determine whether observed performance improvements 

arise from increased model capacity, architectural design, representational diversity, or 

more effective semantic interaction mechanisms. A more controlled investigation is 

therefore required to understand how semantic guidance behaves across architectures 

while maintaining consistent semantic-aware learning settings. 

The literature also indicates that relatively limited attention has been given to 

representation alignment between semantic features and backbone representations. 

Semantic information derived from segmentation maps is inherently spatial and context-

dependent. However, token-based architectures may require semantic information to be 

represented differently from hierarchical spatial architectures in order to achieve 

meaningful interaction. Existing works seldom investigate whether adapting semantic 

encoding according to the representation format of the backbone can improve semantic-

guided scene understanding. 

Based on these observations, the central problem addressed in this thesis can be 

formulated as follows: 

“Existing semantic-aware scene recognition methods insufficiently investigate how 

representation structure influences semantic-guided feature learning across 

convolutional and transformer-based architectures.” 

Motivated by this problem, the present work investigates semantic-guided indoor scene 

recognition from a representation-learning perspective. The study analyzes how different 

deep architectures respond to semantic supervision, how representation structure affects 

semantic interaction, and whether representation-aligned semantic encoding can improve 

scene understanding across convolutional and transformer-based frameworks. By 

conducting a controlled comparative investigation using semantic-aware CNN and 

transformer architectures, the thesis aims to provide deeper insight into the relationship 

between semantic supervision and representation learning in modern scene recognition 

systems. 
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CHAPTER 3 

SEMANTIC-GUIDED CNN FRAMEWORK 

3.1    INTRODUCTION 

Deep convolutional neural networks have played a major role in advancing scene 

recognition by enabling hierarchical representation learning from large-scale visual data. 

Convolutional architectures progressively learn hierarchical visual patterns through 

stacked convolutional operations, beginning with low-level textures and edges, advancing 

toward structural configurations, and eventually capturing higher-level semantic 

abstractions. This hierarchical feature learning makes CNN-based models well suited for 

visual understanding tasks involving complex environmental and spatial structure [23]. 

In indoor scene recognition, where scenes are characterized by object co-occurrence, 

contextual relationships, and spatial organization, hierarchical convolutional 

representations provide an effective mechanism for capturing both local and global visual 

information [24], [25]. 

At the same time, several studies have shown that appearance-based convolutional 

representations alone are often insufficient for robust indoor scene understanding [7]. 

Indoor environments frequently contain visually overlapping structures and semantically 

similar object distributions, making contextual reasoning increasingly important for 

reliable classification. As discussed in the previous chapter, semantic-aware scene 

recognition approaches attempt to address this limitation by incorporating object-level 

semantic information alongside visual representations. Such semantic guidance allows 

the model to utilize contextual cues that may not be explicitly captured through RGB 

appearance learning alone. 

Although semantic-aware learning has shown promising results, the effectiveness of 

semantic-guided feature interaction depends strongly on the quality and diversity of the 

learned visual representations. Different convolutional architectures organize and 

transform visual information differently, which may influence how semantic information 

interacts with learned feature maps during fusion. However, many existing semantic-

aware frameworks adopt backbone architectures without systematically analyzing how 

architectural design affects semantic-guided scene understanding. 

Motivated by this observation, the present chapter investigates semantic-guided indoor 

scene recognition within a convolutional representation learning framework. The study 

focuses on analyzing how backbone architecture influences semantic-aware feature 

learning under a controlled multimodal setting. In particular, a comparative investigation 

is conducted between ResNet-50 and ResNeXt-50 (32×4d), where the overall semantic-

guided framework, fusion strategy, training procedure, and experimental setup remain 

unchanged while only the RGB backbone architecture is modified. This design enables a 

focused analysis of how representational diversity and aggregated residual 

transformations affect semantic-guided scene representation learning. 
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The investigation is performed using a dual-branch semantic-aware framework consisting 

of an RGB branch and a semantic branch connected through an attention-based fusion 

mechanism. Semantic information derived from segmentation maps is used to guide 

visual feature learning by modulating convolutional representations through semantic-

aware attention. Within this setting, the chapter examines whether architectures with 

richer representational diversity provide more effective semantic-guided scene 

understanding for complex indoor environments. 

The remainder of this chapter presents the proposed semantic-aware convolutional 

framework, discusses the investigated backbone architectures, explains the semantic-

guided fusion strategy and training methodology, and analyzes the experimental 

observations obtained on the MIT Indoor-67 dataset. 

 

3.2    FRAMEWORK OVERVIEW 

The proposed framework is designed to learn complementary information from visual 

appearance and semantic scene cues for indoor scene recognition. The architecture 

follows a dual-branch formulation consisting of an RGB branch and a semantic branch, 

whose outputs are integrated through an attention-based fusion module prior to final scene 

classification. A conceptual overview of the framework is presented in Fig. 3.2. The 

overall design is inspired by semantic-aware scene recognition approaches that combine 

appearance features with object-level semantic information to improve scene 

understanding [5]. 

The RGB branch is responsible for extracting high-level visual features from the input 

image. This branch captures appearance-driven information including scene layout, 

texture variations, structural arrangements, and object-related visual patterns using a deep 

convolutional backbone. In the present study, the RGB stream serves as the primary 

component for examining how convolutional representation structure influences 

semantic-aware scene recognition. To maintain a controlled experimental setting, the 

overall framework remains unchanged while only the RGB backbone is varied between 

ResNet-50 and ResNeXt-50 (32×4d). 

Alongside the RGB stream, the semantic branch processes semantic representations 

generated from precomputed segmentation maps. These semantic inputs provide 

additional information regarding object categories and spatial composition that may not 

be fully captured through RGB appearance features alone. The semantic branch employs 

a lightweight convolutional encoder with channel attention mechanisms to selectively 

emphasize informative semantic responses while reducing less useful activations. This 

design allows semantic information to contribute complementary scene-level cues during 

feature extraction. 

The outputs of the RGB and semantic branches are integrated using an attention-based 

fusion strategy. Instead of performing direct feature concatenation, semantic features are 

used to regulate visual feature responses through adaptive modulation. This interaction 

allows the network to emphasize visually relevant scene regions based on semantic 

evidence and improves the integration of object-level and structural information within 

the fused feature space. Consequently, the framework aims to produce more 

discriminative scene representations for indoor environment recognition. 

An important characteristic of the proposed framework is that all experiments are 

conducted under identical fusion and optimization settings. The semantic branch 
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architecture, fusion module, training strategy, and classification pipeline remain fixed 

throughout the study. As a result, observed performance differences can be attributed 

primarily to the choice of convolutional backbone rather than variations in fusion design 

or optimization methodology. 

From an architectural perspective, the framework provides a controlled setting for 

analyzing how different convolutional backbones interact with semantic supervision 

during scene recognition. Since semantic information is integrated directly with high-

level convolutional feature maps, the effectiveness of the overall model may depend on 

factors such as feature diversity, residual feature quality, and the ability of the backbone 

to capture complex spatial patterns. This design therefore provides a suitable basis for 

investigating the relationship between convolutional representation structure and 

semantic-aware indoor scene recognition performance. 

 

3.3    RGB BACKBONE ARCHITECTURES 

The RGB branch forms the primary visual representation component of the proposed 

semantic-guided framework. Its role is to extract high-level convolutional feature 

representations capable of capturing scene layout, structural composition, texture 

patterns, and contextual visual cues from indoor environments. Since the objective of this 

study is to analyze how convolutional representation structure influences semantic-

guided scene understanding, particular emphasis is placed on the choice of backbone 

architecture used within the RGB branch. 

To perform a controlled architectural investigation, two residual convolutional 

architectures are evaluated within the same semantic-aware framework: ResNet-50 and 

ResNeXt-50 (32×4d). Both architectures follow residual learning principles and maintain 

comparable overall network organization, allowing a fair comparison while isolating the 

influence of representational diversity and grouped residual transformations. 

To improve optimization stability in deeper convolutional networks, ResNet employed 

residual mappings connected through identity shortcut pathways, allowing gradients to 

propagate more effectively across layers [18]. Instead of forcing each layer to learn a 

complete transformation directly, residual blocks focus on learning residual functions 

relative to the input representation. This formulation supports the training of substantially 

deeper architectures while reducing degradation problems commonly observed in deep 

CNN optimization. For scene recognition tasks, such hierarchical feature extraction is 

particularly important because indoor environments contain multiple levels of visual and 

semantic structure, ranging from local texture patterns and object-level details to broader 

spatial arrangements and scene layout information. 

Within the proposed framework, ResNet-50 serves as the baseline convolutional 

architecture for semantic-guided scene understanding. The network progressively 

extracts hierarchical feature maps through stacked residual stages, producing high-level 

visual representations that are subsequently integrated with semantic information through 

attention-guided fusion. Although ResNet demonstrates strong capability in learning 

discriminative scene representations, each residual block primarily learns a single 

transformation pathway, which may limit representational diversity in visually complex 

environments. 

Indoor scenes often contain heterogeneous visual structures, overlapping object 

distributions, and multiple contextual cues that must be interpreted simultaneously. 
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Capturing such diverse scene characteristics may require richer feature transformations 

capable of modeling multiple visual patterns in parallel. Motivated by this observation, 

the study further investigates ResNeXt-50 (32×4d) as an alternative convolutional 

backbone within the same semantic-aware framework. 

ResNeXt extends the residual learning framework by incorporating grouped 

convolutional pathways within each residual block, allowing multiple feature mappings 

to be learned in parallel and combined at the block output [19]. Rather than relying on a 

single transformation stream, the architecture increases the number of parallel branches 

within the block structure, introducing cardinality as an additional architectural 

dimension alongside network depth and width. This multi-branch organization allows the 

network to capture a broader range of visual patterns while maintaining relatively 

efficient computational complexity. For scene recognition tasks, such feature diversity is 

beneficial because indoor environments often contain varied object arrangements, 

structural layouts, and contextual patterns that must be modeled simultaneously. 

 

Fig 3.1. Structural comparison of residual building blocks in ResNet and ResNeXt [19]. 

From a representation-learning perspective, grouped residual transformations allow the 

network to capture multiple contextual patterns and structural characteristics in parallel 

[19]. This property is particularly relevant for scene recognition tasks, where 

understanding often depends on interpreting combinations of objects, layouts, 

background structures, and spatial relationships distributed across the scene. By 

increasing representational diversity, ResNeXt may provide richer visual feature maps for 

semantic-guided interaction during multimodal fusion. 

Another important advantage of ResNeXt within semantic-aware learning is its ability to 

produce more diverse high-level convolutional responses while maintaining architectural 

simplicity. Since semantic guidance operates by modulating visual representations 

through attention-based interaction, the quality and diversity of the underlying RGB 

features directly influence the effectiveness of semantic fusion. Richer feature 

representations may allow semantic information to regulate a broader range of contextual 

patterns and scene structures during feature integration. 

To ensure experimental fairness, both ResNet-50 and ResNeXt-50 are incorporated into 

the same semantic-guided framework without modifying downstream fusion modules, 

semantic encoders, or classification layers. The output dimensionality of the RGB branch 
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remains consistent across architectures, allowing the semantic-guided attention 

mechanism to operate identically during all experiments. Consequently, observed 

differences in recognition behavior can be attributed primarily to differences in 

convolutional representation structure rather than variations in training conditions or 

fusion strategy. 

The comparative investigation between ResNet and ResNeXt therefore provides an 

opportunity to analyze how representational diversity influences semantic-guided scene 

understanding within convolutional architectures. Rather than evaluating backbone 

performance purely from a classification perspective, the study examines how 

architectural structure affects semantic-aware feature interaction and contextual 

representation learning in complex indoor environments. 

 

3.4    SEMANTIC BRANCH AND CONTEXTUAL LEARNING 

While the RGB branch captures appearance-based visual representations, indoor scene 

understanding also depends heavily on contextual semantic information related to object 

presence, spatial organization, and functional scene composition. Many indoor 

environments contain visually similar layouts and overlapping structural patterns, making 

semantic context increasingly important for distinguishing between scene categories. To 

incorporate such contextual information into the recognition process, the proposed 

framework employs a dedicated semantic branch designed to learn semantic-aware scene 

representations from segmentation-based inputs. 

The semantic branch operates on precomputed semantic representations generated using 

an external semantic segmentation model. These semantic maps encode dense object-

level contextual information across the scene and provide complementary cues beyond 

conventional RGB appearance features. Unlike raw visual inputs, semantic 

representations emphasize scene composition in terms of object categories and spatial 

arrangement, allowing the framework to incorporate higher-level contextual reasoning 

during scene understanding. 

Within indoor environments, semantic context often plays a critical role in defining scene 

identity. For example, the presence and arrangement of objects such as beds, desks, 

shelves, appliances, or seating structures may provide strong indicators regarding the 

functional category of a scene. Semantic representations therefore help reduce ambiguity 

in situations where appearance-based features alone may not sufficiently distinguish 

visually similar environments. 

The semantic branch follows a lightweight convolutional encoder design that 

progressively transforms the semantic input into high-level contextual feature 

representations. Initial convolutional operations capture local semantic structures and 

spatial object distributions, while deeper layers aggregate broader contextual 

relationships across the scene. Through this hierarchical encoding process, the semantic 

branch learns semantic feature maps that represent object co-occurrence patterns, 

contextual scene composition, and spatial semantic organization. 

To further improve contextual feature learning, channel attention mechanisms are 

incorporated within the semantic encoder. Channel attention mechanisms allow the 

network to selectively strengthen semantically important feature channels while reducing 

the influence of less useful semantic activations [26], [27]. Through this adaptive 

weighting process, the semantic branch can prioritize object categories and contextual 
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cues that contribute more strongly to scene understanding during feature extraction. In 

indoor scene recognition, such selective feature refinement is particularly beneficial 

because different semantic entities contribute unevenly to scene discrimination. For 

example, certain objects and spatial cues may provide strong evidence for a specific 

indoor category, whereas others may introduce redundancy or ambiguity within the 

learned feature space. 

Another important characteristic of the semantic branch is that it remains lightweight 

relative to the RGB backbone. The semantic encoder is not intended to replace visual 

representation learning, but rather to provide complementary contextual guidance during 

feature interaction. This design ensures that semantic information influences scene 

understanding without dominating the overall learning process. Instead, semantic features 

serve as contextual regulators that guide the emphasis of visual representations during 

semantic-aware fusion. 

The semantic branch also plays an important role in maintaining multimodal consistency 

within the framework. Since semantic inputs preserve spatial organization derived from 

segmentation maps, the learned semantic feature maps remain spatially aligned with the 

convolutional visual representations extracted by the RGB branch. This alignment 

enables meaningful semantic-guided interaction during fusion, allowing contextual 

semantic cues to modulate corresponding visual structures effectively. 

Importantly, the semantic branch architecture and processing pipeline remain fixed across 

all experiments conducted in this chapter. The same semantic encoder, attention 

configuration, and preprocessing strategy are used for both ResNet-50 and ResNeXt-50 

based frameworks. As a result, differences in semantic-guided recognition performance 

can be analyzed primarily in relation to the RGB backbone architecture and its 

representation characteristics rather than changes in semantic feature extraction itself. 

From a broader perspective, the semantic branch enables the framework to move beyond 

purely appearance-driven scene recognition toward context-aware representation 

learning. By integrating semantic object-level information with hierarchical 

convolutional visual features, the framework establishes a multimodal learning setting in 

which semantic context actively contributes to scene representation formation and 

contextual scene understanding. 

 

3.5    ATTENTION-BASED SEMANTIC FUSION 

The RGB and semantic branches of the proposed framework are integrated through an 

attention-based semantic fusion mechanism designed to combine appearance information 

with contextual semantic cues in a structured and adaptive manner. Instead of treating 

visual and semantic features as independent representations, the fusion module allows 

semantic information to actively regulate the emphasis of visual feature responses during 

scene representation learning [5], [20]. This design enables the framework to incorporate 

contextual understanding directly into the visual representation space. 

In conventional multimodal fusion approaches, features from different modalities are 

often combined through direct concatenation or simple feature aggregation operations [7]. 

Although such methods preserve information from multiple sources, they may not 

effectively model the contextual relationship between semantic and visual 

representations. In indoor scene recognition, not all visual regions contribute equally to 

scene understanding, and the importance of a visual feature often depends on its semantic 
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relevance within the scene context. Consequently, the proposed framework adopts an 

attention-guided fusion strategy in which semantic information selectively modulates 

convolutional visual features. 

Let the high-level feature representation extracted from the RGB branch be denoted by: 

𝐹𝑟𝑔𝑏 ∈ ℝ𝐶∗𝐻∗𝑊 

and the semantic feature representation generated by the semantic branch be represented 

as: 

𝐹𝑠𝑒𝑚 ∈ ℝ𝐶𝑠∗𝐻∗𝑊 

where 𝐶   and 𝐶𝑠    denote the channel dimensions of the RGB and semantic feature maps 

respectively, while 𝐻    and 𝑊    represent the spatial dimensions. Since the two branches 

may produce feature maps with different channel dimensionalities, lightweight projection 

layers are first used to transform both representations into a shared feature space before 

fusion. 

The semantic feature representation is subsequently passed through a sigmoid activation 

function to generate attention weights that encode the contextual importance of semantic 

responses across spatial locations and channels. The semantic attention map is expressed 

as: 

𝐴𝑠𝑒𝑚 =  𝜎(𝐹𝑠𝑒𝑚)    

where 𝜎 denotes the sigmoid activation function. The resulting attention weights lie 

within the range [0, 1],         allowing the framework to regulate the contribution of 

semantic information adaptively during feature interaction [26], [27]. 

The final semantic-guided fused representation is obtained through element-wise 

modulation between the RGB feature maps and the semantic attention representation: 

 

𝐹𝑓𝑢𝑠𝑒𝑑 = 𝐹𝑟𝑔𝑏⨀𝐴𝑠𝑒𝑚 

where ⨀     represents element-wise multiplication. Through this operation, semantic 

information selectively emphasizes informative visual regions while suppressing less 

relevant feature responses. As a result, the fused representation becomes more context-

aware and semantically discriminative for scene understanding [5], [20]. 

From a representation-learning perspective, this fusion mechanism allows semantic 

context to influence visual representation formation directly rather than being 

incorporated only at the final classification stage. Semantic guidance therefore acts as a 

contextual regulator over convolutional feature activations, enabling the model to focus 

on scene structures and object relationships that contribute meaningfully to scene identity 

[5]. This behaviour is particularly important in indoor environments where visually 

similar layouts may require subtle contextual distinctions for reliable recognition. 

Another important characteristic of the proposed fusion strategy is that semantic guidance 

operates at a high-level representation stage rather than at low-level visual layers. 

Performing fusion at deeper convolutional stages allows semantic information to interact 

with semantically meaningful visual abstractions instead of raw textures or local 

appearance patterns [5]. Consequently, the attention mechanism captures broader 

contextual relationships associated with scene composition and object arrangement [26], 

[27]. 



   

 

42 
 

The effectiveness of this fusion process also depends on the quality and diversity of the 

underlying RGB representations. Since semantic attention modulates convolutional 

feature responses directly, richer and more diverse visual representations may provide a 

stronger foundation for semantic-guided interaction. This aspect becomes particularly 

relevant when comparing ResNet and ResNeXt architectures within the same framework, 

as differences in representational diversity may influence how effectively semantic cues 

regulate visual feature learning. 

 

  
Fig 3.2. Overview of the proposed Multimodal Scene Classification Framework 

(adapted from the author’s conference paper [P1]). 

 

Importantly, the semantic fusion mechanism remains identical across all experiments 

conducted in this chapter. The same attention-guided fusion design is used for both 

ResNet-50 and ResNeXt-50 based frameworks, ensuring that observed performance 

differences arise primarily from differences in backbone representation structure rather 

than changes in multimodal fusion strategy. This controlled setup allows the study to 

isolate the influence of convolutional representation learning on semantic-guided scene 

understanding. 

Overall, the attention-based semantic fusion mechanism provides an effective means of 

integrating contextual semantic information with convolutional visual representations. By 

enabling semantic guidance to selectively modulate visual feature activations, the 

framework establishes a context-aware representation learning process capable of 

capturing both appearance-based and semantic characteristics of complex indoor 

environments. 

 

3.6    TRAINING STRATEGY AND EXPERIMENTAL SETUP 

The proposed semantic-guided convolutional framework is evaluated using a controlled 

training strategy designed to ensure fair comparison between backbone architectures 

while maintaining stable multimodal optimization. Since the objective of this study is to 

analyze how convolutional representation structure influences semantic-guided scene 

understanding, all experiments are conducted under identical semantic fusion, 

optimization, and training conditions. The only architectural component varied during 

experimentation is the RGB backbone used within the visual branch. 

3.6.1    Dataset Description 

Experiments are conducted using the MIT Indoor-67 dataset, which is one of the most 

widely used benchmarks for indoor scene recognition. The dataset contains 15,620 RGB 

images distributed across 67 indoor scene categories, including environments such as 
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bookstores, libraries, classrooms, kitchens, corridors, auditoriums, and waiting rooms. 

Each category exhibits considerable variation in viewpoint, illumination, object 

arrangement, and scene composition, making the dataset particularly challenging for 

contextual scene understanding [24]. 

Following the standard evaluation protocol, each category is divided into 80 training 

images and 20 testing images. Performance is evaluated using Top-1 classification 

accuracy, which measures the percentage of test images for which the predicted scene 

category matches the ground-truth label. 

The dataset is particularly suitable for semantic-aware scene recognition because indoor 

scenes often contain overlapping object distributions and strong contextual dependencies. 

Scene categories are frequently distinguished by object relationships and spatial 

organization rather than isolated visual patterns alone. Consequently, the benchmark 

provides an effective setting for analyzing semantic-guided representation learning. 

 

3.6.2    Semantic Input Generation 

Since the MIT Indoor-67 dataset does not provide semantic annotations directly, semantic 

representations are generated using a pretrained semantic segmentation model trained on 

the ADE20K dataset. The segmentation network remains fixed throughout all 

experiments and is used solely to produce dense semantic maps corresponding to each 

RGB image. 

The generated semantic maps encode contextual object-level information across the scene 

and serve as inputs to the semantic branch of the framework. These representations 

provide complementary contextual cues regarding object categories, spatial structure, and 

semantic scene composition. Importantly, the segmentation model itself is not optimized 

during training, ensuring that the investigation focuses specifically on semantic-guided 

scene recognition rather than segmentation learning. 

 

3.6.3    Data Preprocessing and Augmentation 

To improve generalization and robustness during training, several preprocessing and 

augmentation strategies are applied to the RGB images. Input images are resized and 

randomly cropped to the required spatial resolution before being normalized using 

ImageNet mean and standard deviation values. Random horizontal flipping and 

appearance-based augmentations such as brightness variation, contrast adjustment, 

Gaussian blur, and multiplicative noise are applied during training to simulate realistic 

visual variability. 

The semantic maps undergo the same spatial transformations as the RGB images in order 

to preserve alignment between visual and semantic representations. Additional coarse 

dropout augmentation is applied to the semantic inputs to improve robustness against 

noisy or incomplete semantic information. 

During validation and testing, random augmentations are disabled. Images are resized and 

center-cropped using consistent evaluation settings, and final performance is reported 

using standard Top-1 accuracy evaluation. 
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3.6.4    Staged Training Strategy 

The framework is trained using a staged transfer learning strategy to stabilize multimodal 

optimization and improve semantic-aware feature interaction. By initializing the RGB 

backbone with weights pretrained on large-scale visual datasets, the model can reuse 

generalized visual features while adapting them to the indoor scene recognition task [28]. 

The RGB branch is initialized using ImageNet-pretrained weights for both ResNet-50 and 

ResNeXt-50 architectures. The semantic branch and fusion modules are trained using 

task-specific semantic-aware scene recognition data. 

Training is performed in three stages: 

Stage 1: RGB Branch Pretraining 

During the initial stage, only the RGB backbone and its auxiliary classifier are trained 

while the semantic branch and fusion layers remain frozen. This stage allows the 

convolutional backbone to adapt pretrained visual representations to the indoor scene 

recognition task. 

Stage 2: Semantic Branch Pretraining 

The semantic branch is subsequently trained independently while keeping the RGB 

backbone frozen. This stage enables the semantic encoder to learn contextual semantic 

representations from segmentation-based inputs without interference from multimodal 

fusion dynamics. 

Stage 3: Joint Fusion Training and Fine-Tuning 

After branch-level pretraining, the complete framework is trained jointly. During this 

phase, semantic-guided attention fusion modules and classification layers are optimized 

together with the pretrained backbone representations. Lower learning rates are used for 

pretrained backbone parameters, while relatively higher learning rates are applied to 

newly initialized fusion layers and classification components. 

This staged optimization strategy helps stabilize multimodal interaction during training 

and reduces the risk of noisy semantic gradients disrupting pretrained visual 

representations during early learning stages. 

 

3.6.5    Optimization Settings 

The framework is optimized using the AdamW optimizer with weight decay 

regularization to improve training stability and generalization. Mini-batch training is 

performed using a batch size of 32. Learning rate scheduling is applied during 

optimization to ensure gradual convergence of the multimodal framework. 

The model is trained using categorical cross-entropy loss for scene classification: 

ℒ =  − ∑ 𝑦𝑖 log(𝑦̂𝑖)

𝑁

𝑖=1

 

where 𝑦𝑖 denotes the ground-truth scene label and 𝑦̂𝑖    represents the predicted probability 

for the corresponding scene category [29]. 
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Mixed-precision training is employed to reduce memory consumption and improve 

computational efficiency during optimization. Gradient clipping is additionally applied 

to maintain stable optimization behavior during multimodal training. 

 

3.6.6    Experimental Consistency 

An important aspect of the experimental design is that all configurations remain identical 

across backbone comparisons. The semantic branch architecture, semantic-guided fusion 

mechanism, training schedule, optimization settings, preprocessing pipeline, and 

evaluation protocol remain unchanged for both ResNet-50 and ResNeXt-50 experiments. 

This controlled setup ensures that any observed differences in recognition performance 

can be attributed primarily to differences in convolutional representation structure rather 

than variations in training methodology or multimodal fusion design. Consequently, the 

experimental framework provides a reliable basis for analyzing how representational 

diversity and aggregated residual transformations influence semantic-guided scene 

understanding in indoor environments. 

 

3.7    RESULTS AND DISCUSSION 

This section presents the experimental results obtained using the proposed semantic-

guided convolutional framework on the MIT Indoor-67 dataset. The primary objective of 

the experiments is not only to evaluate recognition performance, but also to analyze how 

convolutional representation structure influences semantic-guided feature learning under 

identical multimodal training conditions. To ensure a controlled investigation, all 

experiments are conducted using the same semantic branch, attention-based fusion 

strategy, optimization settings, and evaluation protocol while varying only the RGB 

backbone architecture. 

 

3.7.1    Quantitative Performance Comparison 

Table 3.1 presents the comparative performance of the investigated convolutional 

architectures along with selected related approaches evaluated on the MIT Indoor-67 

dataset. 

Table 3.1 

Comparison of Scene Recognition Performance on MIT Indoor-67 Dataset 

Category Architecture  Configuration Parameters Top-1 

Accuracy 

Baseline 
ResNet-50 resnet50 85M 87.01 

ResNet-18 resnet18 47M 85.58 
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Ours 
ConvNeXtV2 convnextv2_base 115M 85.97 

ResNeXt-50 resnext50_32x4d 60M 91.30 

 

The experimental results show that the proposed ResNeXt-50 based semantic-guided 

framework achieves the highest Top-1 accuracy of 91.30% on the MIT Indoor-67 dataset. 

Compared to the ResNet-50 baseline operating under identical semantic-aware learning 

conditions, the ResNeXt-based model achieves an absolute improvement of more than 

4%. This improvement is particularly significant because the overall semantic branch, 

fusion mechanism, training procedure, and optimization strategy remain unchanged 

across experiments. 

The results indicate that the observed performance gains arise primarily from differences 

in convolutional representation structure rather than changes in semantic processing or 

multimodal fusion design. In particular, the increased representational diversity 

introduced by aggregated residual transformations appears to improve semantic-guided 

scene representation learning substantially. 

Another important observation is that the ResNeXt-50 based framework achieves 

superior performance while maintaining lower parameter complexity compared to several 

larger architectures. Although ConvNeXtV2 and ViT-B/16 contain substantially larger 

parameter counts, their performance remains below that of the proposed ResNeXt-based 

semantic-guided framework. This suggests that architectural organization and 

representation quality may influence semantic-aware scene recognition more strongly 

than model scale alone. 

3.7.2    Effect of Representational Diversity 

One of the central observations emerging from the experiments is the importance of 

representational diversity in semantic-guided scene understanding. Indoor scene 

recognition requires the simultaneous interpretation of multiple contextual components, 

including object arrangements, background structures, spatial layout, and semantic 

relationships among scene elements. Standard residual architectures primarily learn a 

single transformation pathway within each residual block, which may limit the variety of 

contextual patterns captured at a fixed network depth. 

In contrast, ResNeXt introduces grouped residual transformations that allow multiple 

parallel feature transformations to be learned simultaneously. From a representation-

learning perspective, this design increases the diversity of visual patterns captured within 

the convolutional representation space. Such diversity appears particularly beneficial for 

semantic-guided fusion because semantic information interacts directly with high-level 

visual representations during attention-based modulation. 

The results suggest that richer convolutional representations provide a stronger 

foundation for semantic-guided feature interaction. Since semantic attention selectively 

emphasizes contextual visual patterns, architectures capable of producing more diverse 

feature activations may allow semantic information to regulate scene understanding more 

effectively. This behavior may explain the consistent improvement observed when 

replacing ResNet-50 with ResNeXt-50 under otherwise identical conditions. 
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Another possible explanation is that grouped residual transformations improve the 

network’s ability to capture heterogeneous scene structures distributed across the image. 

Indoor environments frequently contain multiple coexisting semantic regions, object 

clusters, and contextual substructures. Learning parallel transformations may therefore 

help the network represent diverse scene components more effectively before semantic 

modulation occurs. 

 

3.7.3    Semantic-Guided Feature Interaction 

The experiments further demonstrate that semantic guidance contributes meaningfully to 

scene understanding when integrated with high-quality convolutional representations. 

The attention-based semantic fusion mechanism allows semantic context to regulate 

visual feature activations adaptively, enabling the framework to emphasize semantically 

informative scene regions during representation learning. 

This behavior becomes particularly important in indoor environments where visually 

similar layouts may correspond to different semantic scene categories. Contextual 

semantic information derived from segmentation maps helps the framework distinguish 

between scenes that share overlapping textures or structural appearance but differ in 

functional composition and object arrangement. 

The stronger performance observed with the ResNeXt backbone also suggests that 

semantic-guided interaction depends partly on the structure and quality of the visual 

representation space itself. Semantic supervision does not operate independently of the 

backbone architecture; rather, its effectiveness appears closely tied to the richness and 

contextual abstraction capability of the underlying convolutional features. 

 

3.7.4    Comparative Architectural Interpretation 

The comparison between ResNet-50 and ResNeXt-50 highlights an important 

architectural insight regarding semantic-aware scene recognition. Increasing 

representational diversity through cardinality appears more effective for semantic-guided 

contextual learning than simply increasing network depth or parameter count alone. 

This observation aligns with the broader representation-learning perspective developed 

throughout the thesis. Scene understanding requires capturing multiple contextual 

relationships simultaneously, and architectures capable of modeling diverse feature 

transformations may provide more effective support for semantic-aware interaction. In 

this setting, semantic guidance acts not merely as auxiliary information, but as a 

contextual regulator whose effectiveness depends strongly on the representation 

characteristics of the backbone architecture. 

The experiments therefore suggest that semantic-aware scene recognition should not be 

viewed solely as a multimodal fusion problem. Instead, the structure of the learned 

representation space itself plays an important role in determining how effectively 

semantic context can influence scene understanding. 

 

3.7.5    Confusion Analysis and Failure Cases 
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Although the proposed framework demonstrates strong overall performance, certain 

scene categories continue to exhibit noticeable confusion. Most misclassifications occur 

between environments that share similar semantic composition or spatial organization, 

such as bookstores and libraries, waiting rooms and auditoriums, or toy stores and 

children’s rooms. 

These failure cases indicate that even with semantic guidance, distinguishing highly 

correlated indoor environments remains challenging when scenes contain overlapping 

object distributions and similar structural layouts. In some cases, semantic segmentation 

errors may also propagate into the fusion stage, reducing the effectiveness of semantic-

guided modulation. 

Another limitation is that convolutional representations, despite strong hierarchical 

learning capability, may still struggle to model very long-range spatial dependencies 

across large indoor environments. While semantic guidance improves contextual 

understanding, the framework remains constrained by the locality-oriented nature of 

convolutional feature extraction. This observation becomes particularly important when 

considering scene categories involving large spatial extent or complex global structure. 

 

3.7.6    Discussion Summary 

Overall, the experimental results demonstrate that convolutional backbone architecture 

plays a substantial role in semantic-guided indoor scene recognition. The findings suggest 

that increasing representational diversity through grouped residual transformations 

improves semantic-aware feature learning more effectively than standard residual 

representations under the investigated framework. 

More importantly, the experiments reveal that the effectiveness of semantic supervision 

depends not only on the availability of semantic information, but also on the 

representation quality and structural characteristics of the backbone architecture itself. 

Richer convolutional representations enable stronger semantic-guided interaction and 

more effective contextual scene understanding. 

These observations motivate the subsequent investigation presented in the next chapter, 

where the analysis is extended beyond convolutional architectures toward transformer-

based representation paradigms in order to examine how semantic guidance interacts with 

fundamentally different visual representation structures. 

 

3.8    LIMITATIONS AND OBSERVATIONS 

Although the proposed semantic-guided convolutional framework demonstrates strong 

performance on indoor scene recognition, several limitations remain that provide 

important insight into the behavior of semantic-aware convolutional representation 

learning. Analyzing these limitations is useful not only for understanding the constraints 

of the current framework, but also for identifying broader architectural challenges 

associated with semantic-guided scene understanding. 

One important limitation arises from the dependence on precomputed semantic 

segmentation maps. Since the semantic representations are generated using an external 

segmentation model that remains fixed during training, errors in semantic prediction 

directly influence the quality of semantic-guided feature interaction. Incorrect object 
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labels, incomplete segmentation boundaries, or missing contextual regions may reduce 

the effectiveness of semantic attention during fusion. In scenes containing cluttered 

layouts or visually ambiguous structures, such segmentation inaccuracies can propagate 

into the multimodal representation space and affect final scene classification 

performance. 

Another limitation is related to the difficulty of distinguishing scene categories with 

highly overlapping semantic composition. Several indoor environments share common 

object distributions and similar structural organization, making fine-grained contextual 

discrimination challenging even under semantic-aware learning. For example, bookstores 

and libraries often contain visually similar shelves and book arrangements, while waiting 

rooms and auditoriums may share comparable seating structures and spatial layouts. 

Although semantic guidance improves contextual representation learning, the framework 

still exhibits confusion in scenes where object presence alone is insufficient for reliable 

discrimination. 

The experiments also suggest that convolutional architectures remain influenced by 

locality-oriented representation learning despite the use of semantic-guided attention. 

Hierarchical convolutional feature extraction is highly effective for capturing structured 

spatial patterns and local contextual information; however, modeling long-range scene 

relationships across large indoor environments remains comparatively difficult. Scene 

understanding often requires reasoning about spatial dependencies distributed across 

distant image regions, particularly in environments with complex layout organization. 

While semantic guidance improves contextual emphasis, convolutional representations 

may still have limited ability to model broad global relationships compared to 

architectures designed explicitly for long-range interaction. 

An additional observation emerging from the experiments is that semantic supervision 

does not contribute equally across all backbone architectures. The comparative analysis 

between ResNet-50 and ResNeXt-50 indicates that the effectiveness of semantic-guided 

learning depends strongly on the representational quality and diversity of the underlying 

visual features. Richer convolutional representations appear to provide a more suitable 

foundation for semantic modulation and contextual feature interaction. This observation 

reinforces the broader thesis perspective that semantic-aware scene recognition is closely 

connected to representation structure rather than semantic fusion alone. 

The results further indicate that increasing representational diversity through grouped 

residual transformations improves semantic-guided scene understanding more effectively 

than simply increasing model size or parameter count. The stronger performance of 

ResNeXt-50 compared to several larger architectures suggests that architectural 

organization and feature transformation diversity may play a more important role in 

semantic-aware representation learning than scaling network complexity alone. 

At the same time, the experiments reveal that semantic-guided convolutional learning 

benefits from preserving structured spatial representations throughout the feature 

hierarchy. Semantic attention interacts naturally with hierarchical convolutional feature 

maps because both representations maintain explicit spatial organization across 

intermediate stages. This observation becomes particularly important when considering 

alternative representation paradigms where spatial continuity may be represented 

differently. 

Collectively, these findings motivate a broader investigation into how semantic 

supervision behaves across fundamentally different representation architectures. While 

convolutional networks provide strong hierarchical spatial representations for semantic-
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guided scene understanding, the observed limitations related to long-range contextual 

reasoning and representation diversity suggest the need to explore architectures capable 

of modeling contextual interaction differently. 

Motivated by these observations, the next chapter extends the investigation toward 

transformer-based architectures in order to analyze how semantic guidance interacts with 

token-based and hierarchical transformer representations. In particular, the study 

examines whether representation alignment between semantic information and visual 

representation structure influences semantic-guided scene understanding more 

fundamentally across modern deep learning architectures.  

 

  



   

 

51 
 

 

CHAPTER 4 

REPRESENTATION-ALIGNED TRANSFORMER FRAMEWORK  

4.1.   INTRODUCTION 

The experimental observations presented in the previous chapter demonstrated that 

semantic-guided scene recognition is influenced not only by the availability of semantic 

information, but also by the representation characteristics of the underlying backbone 

architecture. In particular, the comparative analysis between ResNet-50 and ResNeXt-50 

showed that increased representational diversity improves semantic-guided feature 

interaction and contextual scene understanding within convolutional frameworks. These 

findings suggest that semantic supervision and representation structure are closely 

interconnected during multimodal scene representation learning. 

Although convolutional neural networks provide strong hierarchical spatial 

representations for indoor scene recognition, they remain fundamentally locality-oriented 

in their representation behavior. Convolutional feature extraction progressively 

aggregates local contextual information through stacked receptive fields, which may limit 

direct modeling of long-range dependencies across large indoor environments. Indoor 

scene understanding often requires interpreting relationships between spatially distant 

regions, object groupings, and contextual structures distributed throughout the scene. 

Consequently, architectures capable of modeling broader contextual interactions may 

provide alternative advantages for semantic-guided learning. 

 

4.2.    TRANSFORMER REPRESENTATION STRUCTURES 

Transformer-based architectures introduce a fundamentally different representation-

learning paradigm compared to conventional convolutional neural networks. While 

CNNs primarily learn hierarchical spatial representations through localized convolutional 

operations, transformers model visual information through attention-based interactions 

between image tokens. These differences influence not only how contextual relationships 

are captured within the network, but also how semantic information interacts with learned 

visual representations during scene understanding. 

Vision Transformers process visual inputs by converting image patches into sequential 

embedding representations [8]. The input image is partitioned into fixed-size non-

overlapping patches, and each patch is linearly mapped into a token embedding vector. 

Positional embeddings are then incorporated to retain spatial ordering information before 

the token sequence is passed through transformer encoder layers composed of multi-head 

self-attention and feed-forward operations. 

Let the sequence of input patch embeddings be represented as: 

Χ = [𝑥1, 𝑥2,……𝑥𝑁] 
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where 𝑁   denotes the number of image patches and 𝑥𝑖 represents the embedding 

corresponding to the 𝑖𝑡ℎ    image patch. Through self-attention, each token can interact 

with all other tokens in the sequence, enabling the model to capture long-range contextual 

relationships across spatially distant image regions [30]. 

The self-attention operation can be expressed as: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡 max (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 

where Q, K, and V denote the query, key, and value matrices derived from the token 

embeddings, and 𝑑𝑘 represents the dimensionality of the key vectors. Through this 

mechanism, transformer architectures dynamically model contextual interactions 

between image regions irrespective of spatial distance [30]. 

From a representation-learning perspective, Vision Transformers emphasize global 

contextual interaction rather than localized spatial continuity [8]. Unlike convolutional 

feature maps, token representations do not explicitly preserve neighborhood structure 

across intermediate representation stages. Spatial relationships are instead modeled 

implicitly through positional embeddings and learned attention patterns [1], [8]. This 

design provides strong flexibility in contextual modeling but may reduce preservation of 

fine-grained spatial locality important for certain scene understanding tasks [9]. 

Indoor scene recognition often depends heavily on spatial arrangement and structural 

continuity within the environment [24]. Relationships among objects, furniture layouts, 

and scene organization patterns contribute significantly to scene identity. Consequently, 

purely token-based representations may face challenges in preserving locality-sensitive 

contextual information required for detailed semantic scene understanding. 

To address this limitation, hierarchical transformer architectures such as the Swin 

Transformer incorporate spatially structured feature learning within the transformer 

framework [9]. Rather than applying global self-attention across all image tokens at every 

layer, the Swin architecture computes attention within smaller spatial windows and 

progressively builds multi-level feature representations across successive stages. 

This formulation preserves spatial organization more effectively than standard Vision 

Transformers. Window-based attention maintains interaction among neighboring visual 

regions, while the shifted-window mechanism facilitates communication between 

adjacent windows in deeper layers of the network. Consequently, Swin Transformer 

combines the long-range modeling capability of transformers with a progressively 

organized spatial feature hierarchy resembling convolutional feature extraction. 

From a semantic-aware learning perspective, these representation differences are highly 

significant. Semantic information derived from segmentation maps is inherently spatial 

and context-dependent. Hierarchical spatial representations may therefore provide more 

natural alignment for semantic interaction because semantic structure and visual feature 

organization remain spatially consistent throughout the representation hierarchy. In 

contrast, token-based transformer architectures may require semantic information to be 

converted into compatible token-level representations before meaningful interaction can 

occur. 

Another important distinction lies in the balance between locality preservation and global 

contextual modeling. Vision Transformers prioritize flexible long-range interaction 

across all tokens, whereas hierarchical transformers maintain stronger spatial continuity 

while still enabling contextual aggregation across representation stages. These 



   

 

53 
 

representational properties may influence how effectively semantic guidance regulates 

scene understanding within different transformer architectures. 

Consequently, transformer-based scene recognition should not be viewed as a single 

unified representation paradigm. Different transformer architectures organize visual 

information differently, preserve contextual structure differently, and may therefore 

interact with semantic supervision differently. Understanding these representation 

characteristics is essential for developing semantic-aware transformer frameworks 

capable of effectively integrating contextual semantic information with visual 

representations during indoor scene understanding. 

 

4.3.   UNIFIED SEMANTIC-AWARE TRANSFORMER FRAMEWORK 

To investigate how semantic supervision interacts with different transformer 

architectures, a unified semantic-aware transformer framework is developed for indoor 

scene recognition. The framework maintains a consistent multimodal learning setting 

across transformer models while adapting semantic encoding and fusion operations 

according to the internal feature organization of the underlying backbone. This controlled 

setup allows systematic analysis of how token-based and hierarchical transformers 

respond to semantic feature interaction during scene understanding. 

The overall framework follows a dual-stream architecture consisting of a visual 

transformer branch and a semantic encoding branch. The visual branch learns scene-

related features from RGB images, while the semantic branch processes contextual 

information derived from segmentation maps. Unlike the convolutional framework 

presented in the previous chapter, semantic integration within the transformer setting is 

explicitly adapted to match the feature organization used by each backbone architecture. 

 
 Fig 4.1. Overview of the proposed Unified Semantic-aware Transformer 

Framework(adapted from the author’s conference paper [P2]). 

The framework is evaluated using two representative transformer paradigms: Vision 

Transformers (ViTs) and hierarchical Swin Transformers. Vision Transformers process 

images as sequences of token embeddings and primarily model global contextual 

interaction through self-attention. In contrast, Swin Transformers preserve multi-level 

spatial organization through localized window attention and progressive feature 

aggregation. Since these architectures organize visual information differently, a single 

semantic fusion strategy may not produce equally meaningful interaction across both 

paradigms. 

To address this issue, the framework introduces architecture-aware semantic encoding 

strategies tailored to each transformer type. For Vision Transformers, semantic 
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information is converted into token-compatible embeddings that interact naturally with 

patch-token features through attention-based fusion. For Swin Transformers, semantic 

representations preserve spatial feature organization to maintain compatibility with 

hierarchical visual feature maps across multiple stages. 

The overall transformer framework consists of four major components: 

1. RGB transformer backbone  

2. Semantic representation encoder  

3. Architecture-aware semantic fusion module  

4. Scene classification head  

The RGB transformer backbone extracts scene-related visual features from the input 

image using either a Vision Transformer or Swin Transformer architecture. The semantic 

branch processes segmentation-derived semantic inputs and generates contextual 

semantic features adapted to the organization of the corresponding backbone architecture. 

These features are subsequently integrated through semantic-aware fusion modules 

designed specifically for each transformer paradigm. 

An important characteristic of the proposed framework is that the overall semantic 

learning strategy remains consistent across all experiments. Semantic supervision is not 

treated merely as auxiliary information appended at the classification stage. Instead, 

semantic information participates directly in intermediate feature interaction within the 

visual feature space. This design allows the study to focus on how architectural 

organization influences semantic integration behavior across transformer models. 

Another important aspect of the framework is experimental consistency. The dataset, 

semantic input generation pipeline, optimization strategy, training schedule, and 

evaluation protocol remain fixed across all transformer experiments. Only the backbone 

architecture and the corresponding semantic encoding strategy are varied. As a result, 

differences in recognition performance and semantic interaction behavior can be analyzed 

primarily with respect to architectural organization rather than unrelated training 

variations. 

From a broader architectural perspective, the unified framework establishes a controlled 

setting for examining whether semantic supervision becomes more effective when 

semantic information is organized in a manner compatible with the internal feature 

structure of the visual backbone. This question forms the central conceptual focus of the 

transformer-based investigation presented in this chapter. 

 

4.4.   SEMANTIC TOKEN ENCODING FOR VISION TRANSFORMERS 

Vision Transformers process visual information as sequences of patch-level token 

embeddings rather than hierarchical spatial feature maps [8]. Consequently, semantic 

information represented in conventional spatial form cannot interact directly with 

transformer token representations without an appropriate representation conversion 

mechanism. To enable meaningful semantic-guided learning within the Vision 

Transformer framework, semantic representations must therefore be transformed into 

token-compatible embeddings aligned with the structure of the visual token space. 

In the proposed framework, semantic maps generated from the segmentation model are 

first partitioned into non-overlapping patches using the same spatial partitioning strategy 

applied to the RGB image. Each semantic patch is subsequently projected into a semantic 
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token embedding through a learnable linear projection layer. This process converts spatial 

semantic information into a sequential token representation compatible with the 

transformer architecture. 

Let the semantic token sequence be represented as: 

 

𝑆 = [𝑠1,𝑠2,…..𝑠𝑁] 

where 𝑁  denotes the number of semantic patches and 𝑠𝑖 represents the embedding 

corresponding to the 𝑖𝑡ℎ   semantic patch. Similarly, the visual token sequence extracted 

from the RGB image is represented as: 

𝑉 = [𝑣1,𝑣2,………..𝑣𝑁] 

where 𝑣𝑖 denotes the visual embedding associated with the corresponding image patch. 

By converting semantic maps into token representations, semantic information becomes 

structurally compatible with the transformer representation space. This alignment allows 

semantic and visual tokens to interact naturally during attention-based fusion without 

violating the sequential processing paradigm of the Vision Transformer architecture. 

The semantic token embeddings are integrated with visual tokens through cross-attention-

based semantic interaction. In this mechanism, visual tokens attend to semantic token 

representations in order to incorporate contextual semantic information during feature 

learning. The cross-attention operation can be formulated as: 

𝐶𝑟𝑜𝑠𝑠𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑣 ,  𝐾𝑠 ,  𝑉𝑠) = 𝑆𝑜𝑓𝑡 max (
𝑄𝑣𝐾𝑠

𝑇

√𝑑𝑘

) 𝑉𝑠 

where 𝑄𝑣 represents queries generated from visual tokens, while 𝐾𝑠 and 𝑉𝑠 denote 

semantic token keys and values respectively. Through this operation, semantic context 

influences visual representation learning by guiding attention toward semantically 

informative relationships within the token space [1]. 

From a representation-learning perspective, semantic token encoding allows semantic 

supervision to operate directly within the transformer’s native representation format. 

Instead of forcing spatial semantic maps into incompatible feature structures, the 

framework adapts semantic information according to the architectural organization of the 

backbone representation. This representation alignment is important because Vision 

Transformers process contextual relationships primarily through token-level interaction 

rather than explicit spatial feature hierarchies [8]. 

Another important advantage of semantic token encoding is that it preserves global 

contextual flexibility within the transformer representation space. Since each visual token 

can attend to all semantic tokens through cross-attention, the framework enables semantic 

interaction across distant image regions. This property allows the model to capture long-

range semantic dependencies and contextual relationships that may span multiple parts of 

the scene. 

However, token-based semantic interaction also introduces certain representational 

challenges. Unlike hierarchical spatial representations, token sequences do not explicitly 

preserve local spatial continuity throughout intermediate representation stages. Although 

positional embeddings encode spatial ordering information, semantic structure becomes 

represented more implicitly through learned attention relationships. As a result, fine-
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grained locality-sensitive semantic interaction may become more difficult to preserve 

consistently during deeper transformer processing. 

Despite these challenges, semantic token encoding provides a principled mechanism for 

integrating semantic supervision into Vision Transformer architectures while maintaining 

representation compatibility. The framework therefore enables investigation of how 

token-based transformer representations utilize semantic context during indoor scene 

understanding and how semantic-guided interaction behaves within globally contextual 

but structurally sequential representation spaces. 

 

4.5.   SPATIAL SEMANTIC ENCODING FOR SWIN TRANSFORMERS 

Unlike standard Vision Transformers, Swin Transformers preserve hierarchical spatial 

organization throughout intermediate representation stages while simultaneously 

incorporating attention-based contextual modelling [9]. This hierarchical structure 

provides an important advantage for semantic-aware scene recognition because semantic 

information derived from segmentation maps is inherently spatial and context-dependent. 

Consequently, semantic representations can be integrated more naturally when spatial 

continuity and feature locality are preserved within the backbone representation space. 

To leverage this property, the proposed framework employs a spatial semantic encoding 

strategy specifically designed for hierarchical transformer architectures. Instead of 

converting semantic information into token sequences as performed for Vision 

Transformers, semantic representations are maintained in structured spatial form to 

preserve alignment with the hierarchical feature organization of the Swin Transformer 

backbone. 

The semantic branch processes segmentation-derived semantic maps using a lightweight 

hierarchical encoder that progressively extracts semantic feature representations across 

multiple spatial stages. These semantic feature maps maintain explicit spatial organization 

and remain aligned with the corresponding Swin Transformer feature hierarchy 

throughout the network. 

Let the hierarchical semantic feature representation at stage ℓ  be represented as: 

𝑆(𝑙)   ∈  ℝ𝐶𝑙⋅𝐻𝑙⋅𝑊𝑙  

where 𝐶𝑙 ,  𝐻𝑙,  𝑎𝑛𝑑 𝑊𝑙       denote the channel dimension, height, and width 

of the semantic feature map at the corresponding hierarchical stage. Similarly, the visual 

feature representation extracted by the Swin Transformer backbone at stage 𝑙  is 

represented as: 

𝑉(𝑙)   ∈  ℝ𝐶𝑙⋅𝐻𝑙⋅𝑊𝑙  

Because both semantic and visual representations preserve compatible hierarchical spatial 

organization, semantic interaction can occur directly across aligned feature structures 

without requiring conversion into token-only representations. 

Semantic guidance is incorporated through spatial attention modulation applied at 

intermediate representation stages. The semantic feature maps are transformed into 

semantic attention masks that regulate visual feature responses across spatial locations. 

The semantic attention representation is formulated as: 
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𝐴𝑠𝑒𝑚
(𝑙)

= 𝜎(𝑆(𝑙)) 

where 𝜎   denotes the sigmoid activation function applied element-wise to generate 

normalized semantic attention weights. 

The final semantically modulated visual representation is obtained through spatially 

aligned feature interaction: 

 

𝐹𝑓𝑢𝑠𝑒𝑑
(𝑙)

= 𝑉(𝑙)   ⨀ 𝐴𝑠𝑒𝑚
(𝑙)

 

where ⨀       denotes element-wise multiplication between visual features and 

semantic attention masks. This formulation enables semantic context to regulate visual 

feature activations while preserving spatial continuity throughout the representation 

hierarchy. Since semantic and visual representations remain spatially aligned at every 

stage, the fusion mechanism supports locality-sensitive contextual interaction that is 

particularly important for indoor scene understanding tasks involving spatial layout 

reasoning and object arrangement interpretation [26], [27]. 

Another important advantage of spatial semantic encoding is that semantic structure 

remains explicitly preserved during representation learning. Unlike token-based 

transformer representations where spatial relationships become encoded implicitly 

through attention interactions, hierarchical spatial representations maintain structured 

locality across intermediate feature stages. This property allows semantic guidance to 

operate more directly on scene layouts, contextual regions, and object configurations 

during multimodal fusion. 

The shifted window attention mechanism of Swin Transformer further enhances 

semantic-guided interaction by enabling contextual communication across neighboring 

spatial regions while maintaining computational efficiency. As feature hierarchies 

deepen, the model progressively captures broader contextual dependencies without 

completely discarding local spatial continuity. This balance between locality preservation 

and contextual aggregation provides a representation environment well-suited for 

semantic-aware scene understanding [5], [9]. 

From a representation-learning perspective, spatial semantic encoding demonstrates how 

semantic supervision can be adapted according to the representation structure of the 

backbone architecture. Rather than enforcing a generic semantic fusion strategy across 

all transformer paradigms, the proposed framework aligns semantic interaction with the 

native organization of the representation space itself. This representation compatibility 

becomes particularly important for indoor scene recognition, where semantic structure 

and spatial organization are closely interconnected. 

Overall, the spatial semantic encoding strategy enables Swin Transformers to integrate 

semantic context while preserving hierarchical spatial continuity throughout feature 

learning. This design provides an effective mechanism for studying how semantic 

supervision interacts with hierarchical transformer representations during contextual 

scene understanding. 

 

4.6    REPRESENTATION-ALIGNED SEMANTIC FUSION 

The central principle underlying the proposed transformer framework is that semantic 

supervision should be aligned with the native representation structure of the underlying 
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architecture. Rather than treating semantic information as a generic auxiliary modality 

processed identically across all models, the framework adapts semantic encoding and 

fusion according to how visual information is internally organized within the backbone 

representation space. This concept forms the core representation-learning perspective of 

the present thesis. 

Existing semantic-aware scene recognition approaches commonly employ similar 

semantic fusion strategies across different architectures without explicitly considering 

representation compatibility. However, Vision Transformers and hierarchical Swin 

Transformers organize visual information fundamentally differently. Vision Transformers 

process images as sequential token embeddings emphasizing global contextual 

interaction, whereas Swin Transformers preserve hierarchical spatial structure throughout 

intermediate representation stages. Since semantic information itself is inherently 

structured and spatially contextual, the effectiveness of semantic-guided learning may 

depend strongly on how naturally semantic representations align with these representation 

paradigms. 

The proposed framework therefore introduces representation-aligned semantic fusion, 

where semantic interaction mechanisms are tailored specifically to the representation 

structure of the backbone architecture. For token-based Vision Transformers, semantic 

maps are transformed into token-compatible semantic embeddings that interact through 

cross-attention within the sequential representation space. For hierarchical Swin 

Transformers, semantic information is maintained in structured spatial form to preserve 

locality-sensitive alignment with hierarchical feature maps. 

From a conceptual perspective, representation alignment seeks to minimize structural 

incompatibility between semantic information and visual representation organization 

during multimodal fusion. If semantic structure and visual representation format remain 

naturally compatible, semantic supervision can regulate contextual learning more 

effectively and consistently throughout the network. 

For Vision Transformers, semantic-guided fusion operates primarily through token-level 

contextual interaction. Visual tokens attend globally to semantic token embeddings, 

allowing semantic information to influence representation learning through attention-

based relational modeling. This mechanism enables broad contextual semantic interaction 

across distant image regions. However, since spatial continuity is represented implicitly 

within token space, semantic structure may become less explicitly localized during deeper 

representation stages. 

In contrast, Swin Transformer fusion preserves spatial semantic alignment directly within 

hierarchical feature maps. Semantic attention masks operate on spatially organized visual 

representations across multiple stages, enabling semantic context to regulate localized 

scene structures while still supporting broader contextual aggregation through shifted 

window attention. This representation alignment preserves both semantic locality and 

hierarchical contextual continuity simultaneously. 

The distinction between token-space fusion and spatial semantic fusion can therefore be 

interpreted as a broader difference between implicit and explicit structural semantic 

interaction. Token-based representations rely primarily on learned relational attention 

patterns to capture semantic relationships, whereas hierarchical spatial representations 

maintain direct structural correspondence between semantic and visual feature 

organization. 
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Another important implication of representation-aligned fusion is that semantic 

supervision becomes architecture-dependent rather than universally transferable through 

identical fusion operations. The experiments presented later in this chapter demonstrate 

that semantic interaction quality depends not only on the availability of semantic 

information, but also on whether the representation structure of the architecture naturally 

supports the type of semantic organization being introduced during multimodal learning. 

This perspective extends beyond simple multimodal fusion and contributes toward a more 

general understanding of semantic-aware representation learning. Semantic supervision 

should not be viewed solely as additional information appended to a backbone 

architecture. Instead, effective semantic-guided learning requires considering how 

semantic structure interacts with contextual modeling behavior, locality preservation, 

feature hierarchy organization, and representation continuity within the architecture itself. 

From a broader scene-understanding perspective, indoor environments contain complex 

contextual dependencies involving both long-range semantic relationships and fine-

grained spatial organization. Architectures that preserve hierarchical spatial continuity 

while supporting contextual interaction may therefore provide more suitable 

representation environments for semantic-guided scene understanding than architectures 

relying purely on globally interacting token sequences. 

The representation-aligned semantic fusion framework proposed in this thesis therefore 

establishes a conceptual foundation for analyzing semantic-guided learning across 

modern deep neural architectures. By adapting semantic interaction according to 

representation structure, the framework enables systematic investigation of how different 

representation paradigms influence semantic-aware indoor scene recognition 

performance and contextual feature learning behavior. 

 

4.7    TRAINING STRATEGY AND EXPERIMENTAL SETUP 

The proposed representation-aligned transformer framework is evaluated using a 

controlled experimental setup designed to analyze how semantic supervision interacts 

with different transformer representation structures under consistent learning conditions. 

To ensure fair comparison across architectures, all experiments are conducted using the 

same dataset, semantic input generation process, preprocessing pipeline, optimization 

strategy, and evaluation protocol. The primary variables investigated are the transformer 

backbone architecture and the corresponding semantic alignment strategy employed 

during multimodal fusion. 

 

4.7.1    Dataset and Evaluation Protocol 

Experiments are conducted using the MIT Indoor-67 dataset, which contains 67 indoor 

scene categories characterized by significant contextual complexity, object overlap, and 

structural variation [24]. The dataset includes a wide variety of indoor environments such 

as bookstores, libraries, laboratories, classrooms, corridors, kitchens, and waiting rooms. 

Since many categories share similar visual appearance and object composition, the 

benchmark provides a challenging evaluation setting for semantic-aware scene 

understanding. 

The standard dataset split is adopted, with 80 training images and 20 testing images per 

category [24]. Model performance is evaluated using Top-1 classification accuracy on the 
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test set. All transformer architectures are evaluated under identical data splits and training 

conditions to ensure experimental consistency. 

 

4.7.2.   Semantic Representation Generation 

Semantic inputs are generated using a pretrained semantic segmentation model trained on 

the ADE20K dataset [31]. The segmentation model remains fixed throughout all 

experiments and is used only to produce dense semantic maps corresponding to the RGB 

images. These semantic representations encode object-level contextual information and 

spatial scene composition, providing complementary semantic guidance during 

transformer-based scene representation learning. 

The semantic generation pipeline remains identical across all transformer experiments. 

However, the semantic encoding strategy differs according to the representation structure 

of the backbone architecture. For Vision Transformers, semantic maps are converted into 

semantic token embeddings compatible with sequential token processing. For Swin 

Transformers, semantic information is preserved in hierarchical spatial form to maintain 

alignment with structured feature hierarchies. 

 

4.7.3.   Transformer Architectures 

The experimental investigation includes both token-based and hierarchical transformer 

architectures in order to analyze representation-dependent semantic interaction behavior. 

4.7.3.1    Vision Transformer Architectures 

Two Vision Transformer variants are evaluated: 

• ViT-Tiny  

• ViT-Base/16  

These architectures process images as patch-token sequences and model contextual 

interaction through global self-attention mechanisms [8]. Semantic guidance is 

incorporated through semantic token encoding and cross-attention-based semantic fusion. 

4.7.3.2.   Hierarchical Swin Transformer Architecture 

The Swin-Tiny architecture is used as the representative hierarchical transformer model. 

Swin Transformer preserves multi-stage spatial feature organization while enabling 

contextual interaction through localized shifted-window attention mechanisms [9]. 

Semantic guidance is incorporated using hierarchical spatial semantic encoding aligned 

with intermediate feature hierarchies. 

All transformer backbones are initialized using ImageNet-pretrained weights to leverage 

large-scale visual representation learning prior to task-specific fine-tuning on indoor 

scene recognition. 

 

4.7.4.   Data Preprocessing and Augmentation 

RGB images are resized and normalized using standard ImageNet preprocessing 

statistics. During training, random cropping and horizontal flipping are applied to 
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improve generalization and reduce overfitting. Additional appearance-based 

augmentations including brightness variation, contrast adjustment, and Gaussian blur are 

used to improve robustness against illumination and appearance variation common in 

indoor environments. 

Semantic maps undergo the same spatial transformations as the RGB inputs to preserve 

semantic alignment during multimodal fusion. For token-based transformer models, 

semantic maps are partitioned into patches using the same patch extraction configuration 

employed by the Vision Transformer backbone. 

During evaluation, random augmentations are disabled, and all images are processed 

using consistent center-cropping and resizing settings. 

 

4.7.5.   Optimization Strategy 

The transformer frameworks are optimized using the AdamW optimizer with weight 

decay regularization. Due to the increased optimization sensitivity of transformer 

architectures, learning rates are carefully controlled during fine-tuning to preserve stable 

convergence behavior. 

Categorical cross-entropy loss is used for scene classification: 

𝐿 = − ∑ 𝑦𝑖 log(𝑦𝑖̂)

𝑁

𝑖=1

 

where 𝑦𝑖  denotes the ground-truth label and 𝑦𝑖̂    represents the predicted scene 

probability. 

Learning rate scheduling is applied throughout optimization to improve training stability 

and convergence. Mixed-precision training is additionally employed to improve 

computational efficiency and reduce memory consumption during transformer 

optimization. 

 

4.7.6.   Representation-Aligned Training Strategy 

An important aspect of the proposed framework is that semantic interaction is introduced 

in a representation-aligned manner rather than through identical multimodal fusion across 

all architectures. Consequently, training behavior differs slightly depending on the 

representation format of the backbone architecture. 

For Vision Transformers, semantic token embeddings are integrated through cross-

attention modules operating within token space. During training, the model learns 

semantic-aware contextual relationships between visual tokens and semantic tokens 

simultaneously. 

For Swin Transformers, semantic guidance is introduced progressively through 

hierarchical spatial semantic modulation across multiple representation stages. Since 

semantic and visual feature maps remain spatially aligned throughout the hierarchy, 

semantic interaction occurs more directly through localized feature regulation. 

Despite these architectural differences, all frameworks are trained under equivalent 

optimization schedules and evaluation settings to ensure fair comparative analysis. 
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4.7.7.   Experimental Consistency 

To maintain experimental reliability, all architectures are evaluated using identical dataset 

splits, semantic generation procedures, preprocessing pipelines, training epochs, 

optimization strategies, and evaluation metrics. The semantic-aware learning philosophy 

also remains consistent across all experiments. 

As a result, observed differences in scene recognition performance can be attributed 

primarily to differences in representation structure and semantic alignment behavior 

rather than unrelated implementation or optimization variations. This controlled setup 

therefore provides a suitable basis for analyzing how token-based and hierarchical 

transformer representations respond to semantic-guided learning in indoor scene 

recognition. 

 

4.8.   RESULTS AND DISCUSSION 

This section presents the experimental observations obtained from the proposed 

representation-aligned transformer framework on the MIT Indoor-67 dataset. The 

experiments are designed not only to evaluate transformer-based scene recognition 

performance, but also to analyze how semantic supervision interacts with different 

transformer representation structures under consistent semantic-aware learning 

conditions. The investigation compares token-based Vision Transformer architectures and 

hierarchical Swin Transformer architectures using representation-aligned semantic fusion 

strategies. Since all experiments are performed under identical dataset splits, optimization 

settings, and semantic-aware learning conditions, observed differences can be interpreted 

primarily in relation to representation structure and semantic interaction behavior. 

4.8.1.   Quantitative Performance Comparison 

Table 4.1 presents the comparative performance of the investigated transformer 

architectures. 

Table 4.1 

Comparison of Transformer-Based Semantic-Aware Frameworks on MITIndoor67  

Architectur

e 

Representatio

n Type 
Configuration 

Parameter

s 

Top-1 

Accurac

y (%) 

ViT-Tiny 
Token 

Transformer 
vit_tiny_patch16_224 14.30M 77.15 

ViT-Base 
Token 

Transformer 
vit_base_patch16_224 133.30M 81.37 

Swin-Tiny 
Hierarchical 

Transformer 

swin_tiny_patch4_window7_22

4 
46.85M 83.46 

 

The results demonstrate that the hierarchical Swin Transformer framework achieves the 

strongest performance among the investigated transformer architectures. Swin-Tiny 
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significantly outperforms both ViT-Tiny and ViT-Base despite having lower parameter 

complexity than ViT-Base. These observations suggest that representation structure plays 

an important role in semantic-guided transformer learning beyond model scale alone. 

Although Vision Transformers demonstrate competitive recognition capability, their 

performance remains consistently below that of the hierarchical Swin Transformer 

framework under identical semantic-aware learning conditions. This gap indicates that 

semantic supervision may interact more effectively with hierarchical spatial transformer 

representations than with purely token-based representations for indoor scene 

understanding tasks. 

 

4.8.2.   Token-Based Semantic Interaction Analysis 

Vision Transformers process visual information through globally interacting patch-token 

embeddings. Semantic token encoding enables semantic information to operate within 

the same sequential representation space, allowing contextual semantic interaction 

through cross-attention mechanisms. This design successfully introduces semantic 

guidance into token-space representation learning and enables broad contextual semantic 

interaction across distant image regions. 

The experiments show that semantic token fusion improves contextual representation 

learning within Vision Transformers, particularly in scene categories requiring broad 

contextual reasoning across spatially distant objects. Global token interaction allows the 

model to establish semantic relationships between different scene regions efficiently. 

However, several limitations emerge within purely token-based semantic interaction. 

Since token representations do not explicitly preserve hierarchical spatial continuity 

across intermediate stages, semantic structure becomes represented more implicitly 

through attention relationships. As a result, certain locality-sensitive scene characteristics 

may become more difficult to preserve consistently during deeper transformer processing. 

Indoor scene recognition frequently depends on subtle spatial arrangements and localized 

contextual relationships involving furniture organization, scene layout, and object 

positioning. While Vision Transformers capture broad contextual interaction effectively, 

purely token-based representations may weaken some of the structural continuity 

necessary for fine-grained semantic scene understanding. 

These observations suggest that semantic supervision alone is insufficient unless the 

underlying representation structure supports stable contextual organization throughout 

feature learning. 

 

4.8.3.   Hierarchical Spatial Representation Analysis 

The Swin Transformer framework demonstrates stronger semantic-guided scene 

understanding performance primarily due to its hierarchical spatial representation 

structure. Unlike Vision Transformers, Swin Transformer preserves multi-stage spatial 

continuity throughout intermediate representation hierarchies while simultaneously 

supporting contextual interaction through shifted-window attention. 

This representation structure appears highly compatible with semantic supervision 

because semantic information itself is inherently spatial and context-dependent. Spatial 

semantic encoding allows semantic maps to remain directly aligned with hierarchical 
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visual feature representations across multiple stages of the network. Consequently, 

semantic guidance can regulate localized scene structures more naturally and consistently 

during feature learning. 

Another important advantage of Swin Transformer is its ability to balance locality 

preservation and contextual aggregation simultaneously. Local window-based attention 

maintains structured spatial continuity, while shifted-window interaction progressively 

expands contextual receptive fields across the representation hierarchy. This balance  

 

appears particularly beneficial for indoor scene recognition, where scene identity depends 

on both local semantic arrangement and broader contextual organization. 

The stronger performance of Swin-Tiny compared to ViT-Base also indicates that 

preserving structured spatial representation may be more important for semantic-guided 

indoor scene understanding than increasing global attention capacity alone. This 

observation reinforces the broader representation-learning perspective developed 

throughout the thesis. 

 

4.8.4.   Representation Alignment Perspective 

One of the most important findings emerging from the transformer investigation is that 

semantic supervision becomes more effective when semantic representation format aligns 

naturally with the underlying backbone representation structure. 

For Vision Transformers, semantic information must be transformed into token-

compatible embeddings before meaningful interaction can occur. Although this enables 

semantic-guided token interaction, semantic structure becomes represented indirectly 

within the attention space. 

In contrast, Swin Transformers maintain direct spatial correspondence between semantic 

and visual representations throughout the representation hierarchy. This alignment allows 

semantic supervision to interact more naturally with contextual scene structure during 

multimodal learning. 

These observations suggest that representation compatibility plays a critical role in 

semantic-aware scene recognition. Effective semantic-guided learning depends not only 

on the presence of semantic information, but also on whether the architecture preserves a 

representation structure capable of supporting the required semantic interaction behavior. 

 

4.8.5.   Comparative Interpretation with CNN Frameworks 

Comparing the transformer investigation with the convolutional experiments presented in 

Chapter 3 reveals several important architectural insights. 

Convolutional architectures demonstrated that representational diversity strengthens 

contextual feature integration, while transformer experiments indicate that representation 

alignment and spatial continuity strongly influence semantic-aware learning behavior. 

Hierarchical spatial transformers appear to combine several advantages of both paradigms 

by preserving structured feature organization while enabling broader contextual 

interaction through attention mechanisms. 
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These findings suggest that semantic-aware scene recognition depends fundamentally on 

representation organization rather than solely on semantic fusion complexity or model 

scale. Architectures that maintain contextual continuity and spatially meaningful 

representation hierarchies appear better suited for semantic-guided indoor scene 

understanding. 

 

4.8.6.   Discussion Summary 

Overall, the experimental results demonstrate that transformer representation structure 

significantly influences semantic-guided scene understanding. Token-based Vision 

Transformers provide strong global contextual modeling capability but exhibit weaker 

locality preservation during semantic interaction. Hierarchical Swin Transformers 

achieve stronger semantic-aware learning behavior by preserving structured spatial 

continuity while supporting contextual attention-based aggregation. 

Most importantly, the investigation establishes that semantic supervision becomes more 

effective when semantic representation format aligns naturally with the native 

representation structure of the backbone architecture. This representation-aligned 

learning perspective forms the central conceptual contribution of the transformer 

investigation and provides the foundation for the unified comparative analysis presented 

in the next chapter. 
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CHAPTER 5 

EXPERIMENTAL RESULTS AND DISCUSSION 

5.1.   INTRODUCTION 

The previous chapters investigated semantic-guided indoor scene recognition across 

convolutional and transformer-based deep learning architectures under controlled 

multimodal learning settings. Chapter 3 analyzed how convolutional representation 

structure influences semantic-aware scene understanding through comparative evaluation 

of ResNet-50 and ResNeXt-50 within an attention-guided semantic fusion framework. 

Chapter 4 extended this investigation toward transformer-based architectures and 

examined how semantic supervision interacts with token-based and hierarchical 

transformer representations using representation-aligned semantic encoding strategies. 

Collectively, these investigations revealed that semantic-guided scene recognition 

depends not only on the availability of semantic information, but also on how visual 

representations are internally organized within the underlying architecture. The 

experiments demonstrated that representational diversity improves semantic-aware 

convolutional learning, while representation alignment strongly influences semantic 

interaction quality within transformer frameworks. In particular, architectures preserving 

structured spatial continuity consistently exhibited stronger semantic-guided contextual 

learning behaviour than architectures relying purely on globally interacting token 

representations. 

Motivated by these observations, the present chapter provides a unified experimental 

discussion and comparative representation-level analysis across all investigated 

architectures. Rather than treating convolutional and transformer experiments as isolated 

investigations, the chapter synthesizes the broader architectural insights emerging from 

semantic-guided scene understanding across multiple representation paradigms. 

The chapter first presents a consolidated summary of the experimental results obtained 

throughout the thesis. Subsequently, a comparative analysis is performed focusing on 

representation behavior, semantic interaction mechanisms, contextual modeling 

characteristics, locality preservation, and semantic alignment across convolutional and 

transformer architectures. The discussion further examines how different representation 

structures influence semantic-guided feature learning and contextual scene understanding 

in complex indoor environments. 

The objective of this chapter is therefore not merely to compare numerical performance, 

but to derive broader representation-learning insights regarding semantic-aware scene 

recognition across modern deep neural architectures. 
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5.2.   UNIFIED EXPERIMENTAL SUMMARY 

To provide a unified overview of the investigations conducted throughout this thesis, 

Table 5.1 summarizes the performance of all major architectures evaluated under 

semantic-aware learning settings on the MIT Indoor-67 dataset. 

 

Table 5.1 

Unified Experimental Comparison Across Investigated Architectures 

Architecture 
Representation 

Type 

Semantic Fusion 

Strategy 

Top-1 

Accuracy 

(%) 

Key Observation 

ResNet-50 
Hierarchical 

CNN 

Spatial Attention 

Fusion 
87.01 

Strong hierarchical 

representation 

learning 

ResNeXt-50 

(32×4d) 

Hierarchical 

CNN with 

Aggregated 

Transformations 

Spatial Attention 

Fusion 
91.30** 

Improved 

representational 

diversity enhances 

semantic interaction 

ViT-Tiny 
Token-Based 

Transformer 

Semantic Token 

Cross-Attention 
77.15 

Strong global 

contextual modeling 

but weaker locality 

preservation 

ViT-Base/16 
Token-Based 

Transformer 

Semantic Token 

Cross-Attention 
81.37 

Improved contextual 

interaction with 

larger token 

representation space 

Swin-Tiny 

Hierarchical 

Spatial 

Transformer 

Spatial Semantic 

Modulation 
83.46 

Strong semantic 

alignment through 

hierarchical spatial 

representation 

 

The consolidated results reveal several important trends regarding semantic-guided scene 

understanding across representation architectures. 

First, semantic-aware learning consistently improves scene recognition capability across 

both convolutional and transformer paradigms, indicating that semantic context provides 

valuable complementary information for indoor scene understanding. Semantic 
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supervision helps the models capture contextual relationships, object composition, and 

scene structure beyond conventional appearance-based visual learning alone. 

Second, the strongest overall performance is achieved by the ResNeXt-50 based 

semantic-guided convolutional framework. The results suggest that representational 

diversity introduced through grouped residual transformations substantially strengthens 

contextual feature integration within hierarchical convolutional architectures. 

Third, hierarchical representation structures consistently outperform purely token-based 

transformer representations under semantic-aware learning settings. Although Vision 

Transformers demonstrate effective global contextual modeling capability, hierarchical 

Swin Transformer representations achieve stronger semantic-guided scene understanding 

despite lower model complexity compared to ViT-Base. 

Another important observation is that increasing parameter count alone does not 

guarantee improved semantic-aware performance. Several architectures with larger 

parameter complexity achieve lower recognition accuracy than comparatively smaller but 

structurally better-aligned models. This behavior suggests that representation 

organization and semantic compatibility may influence semantic-guided learning more 

strongly than model scale alone. 

Overall, the unified experimental summary indicates that semantic-aware scene 

recognition is closely connected to representation structure, representational diversity, 

and semantic alignment across deep neural architectures. 

 

5.3.   REPRESENTATION-LEVEL COMPARATIVE ANALYSIS 

One of the central observations emerging from the experimental investigations is that 

semantic-guided scene recognition depends strongly on how visual information is 

represented internally within the backbone architecture. Although all investigated 

frameworks incorporate semantic supervision through multimodal fusion, the 

effectiveness of semantic-guided learning varies substantially depending on 

representation structure, contextual modeling behavior, and locality preservation 

characteristics. 

Convolutional architectures organize visual information through hierarchical spatial 

feature maps constructed progressively using localized convolutional operations. These 

hierarchical representations preserve explicit spatial continuity throughout intermediate 

layers while gradually expanding contextual abstraction capability. Within semantic-

aware learning, this representation structure allows semantic information to interact 

naturally with localized visual regions during feature modulation. 

The comparison between ResNet-50 and ResNeXt-50 further demonstrates that 

representational diversity plays an important role in semantic-guided feature learning. 

ResNeXt introduces multiple parallel residual transformations through grouped 

convolutions, enabling richer contextual feature representations compared to standard 

residual architectures. The experiments indicate that semantic guidance becomes more 

effective when operating over more diverse and expressive convolutional feature spaces. 

Transformer architectures, however, introduce fundamentally different representation 

paradigms. Vision Transformers process images as sequences of patch embeddings and 

model contextual interaction globally through self-attention mechanisms. This token-

based representation enables broad contextual communication across distant image 

regions but weakens explicit preservation of spatial continuity within intermediate 

representations [8]. 
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From a semantic-aware learning perspective, this distinction becomes highly significant. 

Semantic information derived from segmentation maps is inherently spatial and context-

dependent. Consequently, semantic supervision may interact differently depending on 

whether the architecture preserves structured spatial organization explicitly or encodes 

contextual relationships primarily through token-level attention interactions. 

The experimental results show that token-based transformer representations successfully 

capture broad contextual semantic relationships but exhibit comparatively weaker 

locality-sensitive semantic interaction behavior. Although semantic token encoding 

enables representation compatibility within Vision Transformers, semantic structure 

becomes represented more implicitly within the token attention space. 

In contrast, hierarchical Swin Transformer representations preserve spatial continuity 

throughout multiple representation stages while simultaneously enabling contextual 

interaction through shifted-window attention mechanisms [9]. This representation 

organization appears more naturally compatible with semantic supervision because 

semantic structure and visual representation hierarchy remain spatially aligned during 

feature learning. 

Another important representation-level observation concerns contextual abstraction 

behavior. Convolutional architectures aggregate contextual information progressively 

through receptive field expansion, whereas transformers establish contextual interaction 

directly through attention-based communication between representation elements. 

Hierarchical transformers combine both principles by preserving structured locality while 

enabling contextual aggregation across hierarchical stages. 

The experiments therefore suggest that effective semantic-aware scene understanding 

requires balancing three important representation characteristics simultaneously: 

1. Contextual modeling capability  

2. Spatial continuity preservation  

3. Semantic representation compatibility  

Architectures emphasizing only global contextual interaction may weaken locality-

sensitive semantic structure, while architectures preserving hierarchical spatial continuity 

appear better suited for semantic-guided indoor scene understanding. 

These observations collectively support the broader thesis perspective that semantic-

aware scene recognition is fundamentally a representation-learning problem rather than 

solely a multimodal fusion problem. 

 

5.4.   CNN VS TRANSFORMER SEMANTIC INTERACTION 

The comparative investigation between convolutional and transformer-based frameworks 

reveals several important differences in how semantic supervision interacts with visual 

representations during scene understanding. 

Within convolutional frameworks, semantic interaction occurs primarily through 

modulation of hierarchical spatial feature maps. Since convolutional representations 

preserve locality explicitly across intermediate stages, semantic attention mechanisms can 

regulate visual activations corresponding to specific spatial structures and contextual 

regions directly. Semantic guidance therefore operates as localized contextual modulation 

over structured visual feature hierarchies. 
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The experiments indicate that convolutional semantic interaction benefits strongly from 

representational diversity and hierarchical contextual abstraction. In particular, ResNeXt-

based representations provide richer semantic-guided feature interaction than standard 

residual representations due to increased transformation diversity within grouped residual 

pathways. 

Transformer-based semantic interaction behaves differently because transformers 

organize visual information through attention-based representation structures rather than 

strictly localized spatial hierarchies. Vision Transformers establish semantic interaction 

primarily through token-level contextual attention between semantic and visual 

embeddings [8]. This design enables broad semantic communication across distant image 

regions and supports flexible contextual reasoning within the representation space. 

However, purely token-based semantic interaction also introduces challenges related to 

structural continuity and locality preservation. Since token embeddings represent image 

patches independently within sequential attention space, semantic relationships become 

encoded implicitly through attention patterns rather than explicit hierarchical spatial 

structure. As a result, fine-grained semantic organization may become less stable across 

deeper representation stages. 

Hierarchical Swin Transformers demonstrate a more balanced semantic interaction 

mechanism by combining attention-based contextual learning with structured spatial 

continuity [9]. Semantic guidance operates directly on hierarchical spatial representations 

while shifted-window attention progressively expands contextual interaction across 

representation stages. This design enables the model to preserve locality-sensitive 

semantic organization while still capturing broader contextual relationships. 

Another important difference concerns how semantic information propagates throughout 

the representation hierarchy. In convolutional architectures, semantic guidance primarily 

influences localized contextual feature refinement through spatial modulation. In Vision 

Transformers, semantic interaction propagates globally through token-space relational 

attention. Swin Transformers combine both localized semantic regulation and progressive 

contextual aggregation simultaneously. 

These observations suggest that semantic-aware scene recognition behavior differs 

fundamentally across representation paradigms. Convolutional frameworks emphasize 

locality-preserving semantic modulation, token-based transformers emphasize globally 

distributed semantic interaction, and hierarchical transformers balance both contextual 

flexibility and structured semantic continuity. 

From a broader architectural perspective, the experiments indicate that semantic 

supervision is not universally architecture-independent. Instead, semantic interaction 

quality depends strongly on how contextual information, spatial structure, and semantic 

organization are represented internally within the backbone architecture. 

 

  



   

 

71 
 

5.5.   SPATIAL VS TOKEN REPRESENTATION ANALYSIS 

One of the most important conceptual observations emerging from this thesis is the 

distinction between spatially organized representations and purely token-based 

representations in semantic-aware scene understanding. 

Indoor scene recognition depends heavily on spatial arrangement, contextual 

organization, and structural continuity within the environment. Scene categories are often 

defined not only by object presence, but also by how objects are positioned relative to 

one another across the scene layout. Consequently, preserving meaningful spatial 

structure during representation learning becomes highly important for semantic-guided 

contextual reasoning [5]. 

Hierarchical convolutional representations and hierarchical Swin Transformer 

representations both maintain explicit spatial continuity throughout intermediate 

representation stages [9]. This structured organization allows semantic supervision to 

interact directly with localized contextual structures and object arrangements during 

feature learning. Semantic maps remain naturally aligned with visual feature 

organization, enabling consistent locality-sensitive semantic interaction. 

In contrast, Vision Transformers represent visual information primarily through token 

sequences. Although positional embeddings encode relative spatial ordering information, 

the representation hierarchy itself does not explicitly preserve spatial continuity in the 

same structured manner as hierarchical architectures [8]. Semantic interaction therefore 

occurs indirectly through attention relationships between token embeddings. 

This distinction influences how semantic guidance behaves during multimodal learning. 

Spatially organized representations preserve explicit contextual neighborhoods and 

structural locality throughout feature learning, allowing semantic modulation to operate 

directly on semantically meaningful scene regions. Token-based representations, 

however, rely on learned attention distributions to recover contextual relationships 

dynamically. 

The experiments suggest that preserving hierarchical spatial continuity provides 

important advantages for semantic-guided indoor scene understanding. Swin Transformer 

achieves substantially stronger semantic-aware performance than Vision Transformer 

architectures despite lower parameter complexity, indicating that structured spatial 

organization contributes more effectively to semantic interaction than purely global token 

attention alone. 

Another important observation is that semantic information itself possesses strong spatial 

structure. Segmentation-derived semantic maps inherently describe localized object 

distributions, contextual boundaries, and scene organization patterns. Consequently, 

semantic supervision becomes more naturally compatible with architectures preserving 

explicit spatial hierarchy throughout representation learning. 

This compatibility can be interpreted as representation alignment between semantic 

structure and visual representation organization. Architectures maintaining spatial 

continuity allow semantic guidance to operate in a structurally consistent manner, 

whereas token-based architectures require semantic information to be transformed into 

less spatially explicit representation formats before interaction can occur. 

The distinction between token-space semantic interaction and hierarchical spatial 

semantic interaction therefore extends beyond architectural implementation details. It 
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reflects a broader difference in how semantic context is represented, propagated, and 

preserved during scene understanding. 

Collectively, these observations support the thesis-level conclusion that hierarchical 

spatial representations provide a more effective representation environment for semantic-

guided indoor scene recognition than purely token-based representations. 

 

5.6.   LIMITATIONS OF THE PRESENT STUDY 

Although the proposed investigations provide important insights into semantic-guided 

representation learning across convolutional and transformer architectures, several 

limitations remain that should be acknowledged. 

One limitation arises from the dependence on externally generated semantic segmentation 

maps. Since semantic supervision is derived from pretrained segmentation models, 

inaccuracies in semantic prediction can influence multimodal fusion quality and scene 

recognition performance. Errors in segmentation boundaries, object labeling, or 

contextual region prediction may propagate into the semantic-aware representation space. 

Another limitation concerns the scope of the investigated architectures. The study 

evaluates selected representative convolutional and transformer models in order to 

maintain a controlled comparative framework. However, additional transformer variants, 

hybrid architectures, or larger-scale multimodal models may exhibit different semantic 

interaction behavior. 

The experiments are also limited to indoor scene recognition using the MIT Indoor-67 

dataset. While the dataset provides substantial contextual complexity, the findings may 

not generalize fully to outdoor scene understanding, large-scale multimodal datasets, or 

domain-adaptive scene recognition settings. 

An additional limitation is the dependence on ImageNet pretraining for backbone 

initialization. Pretrained representations strongly influence downstream semantic-aware 

learning behavior, and alternative pretraining strategies may produce different 

representation characteristics during semantic interaction. 

Finally, the present investigation focuses primarily on visual-semantic interaction and 

does not explore multimodal extensions involving language supervision, depth 

information, temporal reasoning, or video-based scene understanding. Such modalities 

may provide additional contextual structure beyond segmentation-derived semantic 

guidance. 

Despite these limitations, the study provides a controlled representation-level 

investigation into semantic-guided scene understanding across modern deep neural 

architectures. 

 

5.7.   KEY FINDINGS AND DISCUSSION SUMMARY 

The investigations presented throughout this thesis demonstrate that semantic supervision 

significantly improves indoor scene understanding when integrated effectively with deep 

visual representations. More importantly, the experimental observations reveal that the 

effectiveness of semantic-guided learning depends strongly on representation structure, 

representational diversity, and semantic alignment within the underlying architecture. 

The convolutional experiments showed that richer representational diversity strengthens 

contextual feature integration within hierarchical spatial representations. In particular, 
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grouped residual transformations in ResNeXt enabled stronger contextual semantic 

learning compared to standard residual architectures. 

The transformer investigations further revealed that semantic interaction behavior differs 

substantially across token-based and hierarchical transformer representations. Vision 

Transformers demonstrated strong global contextual modeling capability but weaker 

locality-sensitive semantic interaction, whereas Swin Transformers preserved 

hierarchical spatial continuity while supporting contextual attention-based aggregation 

simultaneously. 

Collectively, these findings establish that semantic supervision becomes more effective 

when semantic representation format aligns naturally with the native representation 

structure of the backbone architecture. Architectures preserving structured spatial 

continuity consistently demonstrated stronger semantic-aware scene understanding 

behavior than architectures relying purely on globally interacting token representations. 

From a broader representation-learning perspective, the thesis demonstrates that 

semantic-aware scene recognition should not be viewed solely as a multimodal fusion 

problem or a benchmark optimization task. Instead, effective semantic-guided scene 

understanding depends fundamentally on how architectures organize contextual structure, 

preserve spatial continuity, and support semantically meaningful feature interaction 

during representation learning. 

These observations provide the conceptual foundation for the final conclusions and future 

research directions presented in the next chapter. 
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CHAPTER 6 

CONCLUSION, FUTURE SCOPE AND SOCIAL IMPACT 

6.1.   INTRODUCTION 

Semantic-guided scene recognition has emerged as an important research direction in 

computer vision due to the increasing need for contextual understanding in complex 

visual environments. Indoor scene recognition, in particular, presents significant 

challenges because scene categories are often defined not only by appearance patterns, 

but also by semantic composition, object relationships, and spatial organization. 

Motivated by these challenges, this thesis investigated semantic-guided indoor scene 

recognition from a representation-learning perspective across convolutional and 

transformer-based deep neural architectures. 

The study focused on understanding how semantic supervision interacts with different 

representation structures during scene understanding. Rather than treating semantic 

information as a generic auxiliary modality, the thesis examined whether the effectiveness 

of semantic-guided learning depends on the internal organization of visual representations 

within the backbone architecture. To explore this problem, controlled semantic-aware 

learning frameworks were investigated using convolutional residual networks, token-

based Vision Transformers, and hierarchical Swin Transformers. 

This chapter summarizes the major findings of the thesis, presents the key conclusions 

derived from the experimental investigations, discusses possible future research 

directions, and highlights the broader societal relevance of semantic-aware scene 

understanding systems. 

 

6.2.   THESIS SUMMARY 

The thesis began by examining the fundamental challenges associated with indoor scene 

recognition. Unlike conventional object classification tasks, indoor scene understanding 

requires learning contextual relationships among multiple objects, spatial layouts, and 

semantic structures distributed across the environment. Traditional appearance-based 

recognition methods often struggle in such scenarios because visually similar 

environments may differ primarily in contextual composition rather than isolated visual 

patterns. These observations motivated the incorporation of semantic supervision into 

deep scene recognition frameworks. 

The literature review presented the evolution of scene recognition from handcrafted 

feature-based methods to deep representation learning approaches involving 

convolutional neural networks and transformer architectures. The review further 

highlighted the growing importance of semantic-aware learning and identified an 

important research gap regarding the relationship between semantic supervision and 

representation structure across modern deep architectures. 

The first experimental investigation focused on semantic-guided convolutional 

representation learning. A dual-branch semantic-aware framework consisting of RGB and 
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semantic branches connected through attention-based semantic fusion was developed 

using ResNet-50 and ResNeXt-50 backbones. The experiments demonstrated that 

semantic supervision substantially improves scene understanding and that 

representational diversity introduced through grouped residual transformations enhances 

semantic-guided feature interaction. The investigation further revealed that semantic-

aware learning effectiveness depends partly on the richness and diversity of the 

underlying convolutional representation space. 

Building upon these observations, the thesis extended the investigation toward 

transformer-based representation paradigms. Since transformer architectures organize 

visual information differently from convolutional networks, the study introduced a 

representation-aligned semantic framework in which semantic encoding strategies were 

adapted according to the representation structure of the backbone architecture. Vision 

Transformers employed semantic token encoding aligned with token-based 

representations, while Swin Transformers utilized hierarchical spatial semantic encoding 

aligned with structured feature hierarchies. 

The transformer experiments demonstrated important differences in semantic interaction 

behavior across representation paradigms. Vision Transformers showed strong capability 

in modeling global contextual relationships through token-level interaction but exhibited 

weaker locality preservation during semantic-guided learning. In contrast, hierarchical 

Swin Transformers achieved stronger semantic-aware scene understanding by preserving 

spatial continuity while simultaneously enabling contextual aggregation through attention 

mechanisms. 

The unified comparative analysis further established that semantic supervision becomes 

more effective when semantic representation format aligns naturally with the native 

representation structure of the backbone architecture. Hierarchical spatial representations 

consistently provided stronger semantic-guided interaction than purely token-based 

representations for indoor scene understanding tasks. 

Overall, the thesis demonstrated that semantic-aware scene recognition should be viewed 

fundamentally as a representation-learning problem involving contextual modeling, 

semantic compatibility, and representation alignment across modern deep neural 

architectures. 

 

6.3.   MAJOR CONCLUSIONS 

Based on the experimental investigations and comparative representation-level analysis 

conducted throughout this thesis, several important conclusions can be drawn. 

First, semantic supervision significantly improves indoor scene recognition performance 

by incorporating contextual object-level information alongside appearance-based visual 

representations. Semantic guidance enables the models to capture scene composition, 

object relationships, and contextual structure more effectively than conventional RGB-

based learning alone. 

Second, the effectiveness of semantic-guided learning depends strongly on the 

representation structure of the backbone architecture. Semantic supervision does not 

operate independently of representation organization; instead, semantic interaction 

quality is closely influenced by how visual information is internally represented and 

processed within the network. 
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Third, representational diversity plays an important role in semantic-aware convolutional 

learning. The experimental comparison between ResNet-50 and ResNeXt-50 

demonstrated that grouped residual transformations improve semantic-guided feature 

interaction by enabling richer and more diverse contextual representations within the 

convolutional feature space. 

Fourth, transformer-based semantic interaction behavior differs substantially across 

representation paradigms. Token-based Vision Transformers provide strong global 

contextual modeling capability through self-attention mechanisms, but purely token-

oriented representations exhibit weaker preservation of locality-sensitive semantic 

structure during scene understanding. 

Fifth, hierarchical spatial representations provide more effective semantic-guided 

interaction for indoor scene recognition than purely token-based representations. The 

Swin Transformer framework consistently demonstrated stronger semantic-aware 

learning behavior because hierarchical feature organization preserves structured spatial 

continuity while still enabling contextual aggregation through attention-based interaction. 

Sixth, semantic representation alignment emerges as a central factor in semantic-aware 

learning. Semantic supervision becomes more effective when semantic information is 

encoded in a manner naturally compatible with the representation structure of the 

underlying architecture. Representation-aligned semantic fusion therefore provides a 

more effective multimodal learning strategy than applying identical semantic interaction 

mechanisms across fundamentally different representation paradigms. 

Finally, the thesis establishes that semantic-aware indoor scene recognition is 

fundamentally a representation-learning problem rather than solely a multimodal fusion 

or benchmark optimization problem. Effective scene understanding depends on the 

balance between contextual modeling capability, spatial continuity preservation, 

representational diversity, and semantic compatibility within the learned representation 

space. 

 

6.4.   FUTURE SCOPE 

Although the present work provides important insights into semantic-guided 

representation learning for indoor scene recognition, several directions remain open for 

future research. 

One promising direction involves investigating larger and more advanced hierarchical 

transformer architectures for semantic-aware scene understanding. Recent developments 

in foundation-scale vision models and multimodal transformer systems may provide 

stronger contextual reasoning capabilities and richer semantic interaction behavior for 

complex visual environments. 

Another important direction is the development of adaptive semantic alignment 

mechanisms capable of dynamically adjusting semantic fusion strategies according to 

representation characteristics during training. Instead of using predefined semantic 

interaction schemes, future systems may learn representation-aware semantic adaptation 

automatically through end-to-end optimization. 

Hybrid architectures combining convolutional inductive biases with transformer-based 

contextual modeling also represent an important area for future exploration. Such 
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architectures may benefit from both structured spatial continuity and flexible long-range 

contextual reasoning simultaneously. 

Future work may additionally investigate semantic-aware learning using multimodal 

supervision beyond segmentation-derived semantic maps. Language-guided scene 

understanding, scene graph reasoning, depth-aware contextual learning, and multimodal 

vision-language representations may provide richer semantic context for indoor scene 

recognition systems. 

Another promising research direction involves self-supervised and contrastive semantic 

representation learning. Large-scale multimodal pretraining strategies may help models 

learn semantic-contextual relationships more effectively without relying heavily on 

manually generated semantic annotations. 

The present work is also limited to indoor scene recognition using the MIT Indoor-67 

dataset. Future studies may extend the investigation toward larger-scale scene 

understanding benchmarks such as Places365, ADE20K scene-level tasks, and real-world 

multimodal indoor navigation datasets to evaluate the generalization capability of 

representation-aligned semantic learning frameworks. 

Finally, future research may explore semantic-aware representation learning for 

embodied AI systems, robotics, autonomous navigation, and interactive intelligent 

environments where contextual scene understanding plays a critical role in decision-

making and environmental interaction. 

 

6.5.   SOCIAL IMPACT 

Semantic-aware scene understanding has significant potential to contribute toward the 

development of intelligent systems capable of interacting more effectively with complex 

human environments. By enabling machines to interpret contextual relationships, object 

arrangements, and environmental structure more accurately, semantic-guided scene 

recognition can support several important real-world applications. 

In robotics and autonomous indoor navigation, semantic scene understanding can 

improve environmental awareness and contextual decision-making for service robots, 

assistive robots, and autonomous navigation systems operating within indoor spaces such 

as hospitals, offices, airports, and homes. Context-aware visual understanding may help 

intelligent systems navigate safely and interact more naturally with human-centered 

environments. 

Semantic-aware scene recognition can also support assistive technologies for visually 

impaired individuals by enabling context-sensitive indoor navigation and environmental 

interpretation systems. Intelligent scene understanding may help provide more 

meaningful spatial and semantic information regarding surrounding environments. 

In smart surveillance and security systems, semantic scene understanding may improve 

contextual event analysis and environmental monitoring by enabling systems to reason 

about scene composition and spatial context rather than relying solely on isolated object 

detection. 

The broader implications of this work also extend toward context-aware intelligent 

environments, human-computer interaction systems, and future multimodal AI systems 

requiring deeper semantic understanding of real-world spaces. 
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At the same time, responsible development of intelligent visual systems remains 

important. Issues related to privacy, fairness, transparency, and ethical deployment must 

be carefully considered when applying semantic-aware scene understanding technologies 

in real-world environments. 

 

6.6.   CLOSING REMARKS 

This thesis investigated semantic-guided indoor scene recognition across convolutional 

and transformer-based architectures from a representation-learning perspective. Through 

controlled experimental analysis and comparative architectural investigation, the study 

demonstrated that semantic supervision effectiveness depends strongly on representation 

structure, representational diversity, and semantic alignment within deep neural 

architectures. 

The findings showed that hierarchical spatial representations provide more natural and 

effective environments for semantic-guided contextual learning than purely token-based 

representations in indoor scene understanding tasks. More broadly, the thesis established 

that semantic-aware scene recognition is fundamentally influenced by how contextual 

structure and semantic information are organized within the learned representation space 

itself. 

It is hoped that the representation-centric perspective presented in this work contributes 

toward a deeper understanding of semantic-aware visual learning and motivates future 

research into more context-aware, semantically aligned, and structurally intelligent visual 

understanding systems. 
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