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Abstract

We present a novel deep learning framework for high-resolution semantic segmentation,
designed to interpret complex visual environments such as cities, rural areas, and natural
landscapes. Our method integrates conic geometric embeddings, which is a mathematical
approach for capturing spatial relationships, with belief-aware learning, a strategy that
adapts model predictions when input data are uncertain or change over time. A multi-scale
refinement process further improves boundary accuracy and detail preservation. The
proposed model, built on a hybrid Vision Transformer (ViT) backbone and trained end-to-
end using adaptive optimization, is evaluated on four benchmark datasets including EDEN,
OpenEarthMap, Cityscapes, and iSAID. It achieves 88.94% Accuracy and R? of 0.859 on
EDEN, while surpassing 85.3% Accuracy on Cityscapes. Ablation studies demonstrate
that removing Conic Output Embeddings causes drops in Accuracy of up to 2.77% and
increases in RMSE, emphasizing their contribution to frequency-aware generalization
across diverse conditions. On OpenEarthMap, our model achieves a mean IoU of 73.21%,
outperforming previous baselines by 2.9%, and on iSAID, it reaches 80.75% mloU with
improved boundary adherence. Beyond technical performance, the framework enables
practical applications such as automated landscape analysis, urban growth monitoring,
and sustainable environmental planning. Its consistent results across three independent
runs demonstrate both robustness and reproducibility, offering a reliable tool for large-scale
geospatial and environmental modeling.

Keywords: structured prediction; conic geometric embedding; computational geometry;
adaptive optimization; belief-aware learning; high-dimensional visual data
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1. Introduction

The investigation of the evolution of landscape architecture is of significant importance
in understanding how human interaction with natural and constructed environments
has changed over time [1]. Not only does this research provide insights into cultural
and ecological shifts, but it also facilitates the evaluation of sustainable practices across
both historical and contemporary landscapes. Furthermore, by leveraging image analysis
techniques, researchers are able to quantify visual patterns and morphological changes
that are otherwise difficult to capture through traditional textual descriptions or manual
methods [2]. This analytical capability significantly enhances our ability to monitor spatial
configurations and aesthetic principles across different periods and regions, enabling a more
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precise interpretation of design intentions and environmental responses. The integration
of computational tools within this domain not only enriches traditional historiographical
approaches, but also offers predictive insights that can inform and guide future design
paradigms in landscape architecture [3].

Initial efforts to digitize and interpret landscape imagery centered on formalizing
design structures and spatial relationships through codified visual categories. Researchers
built structured representations of garden typologies, geometric motifs, and spatial ar-
rangements, using these frameworks to document and analyze stylistic developments over
time [4]. While these methods were highly effective for archival classification and thematic
analysis, they often relied heavily on extensive expert input and struggled to accommodate
the visual variability present in images across diverse regions and historical periods [5]. As
landscape forms evolved and image dataset became increasingly complex, early structured
systems lacked the flexibility to adapt, particularly when faced with incomplete visual cues
or stylistic ambiguity. Consequently, these limitations highlighted a clear need for dynamic,
data-driven analytical tools capable of accommodating visual variability while preserving
interpretability and consistency in landscape analysis [6].

With the proliferation of digital archives and visual documentation, researchers began
employing algorithm approaches that could detect visual regularities and visual cues
directly from large image collections. These models evaluated recurring features such as
vegetation density, material textures, and color palettes to support comparative analysis
across stylistic traditions, geographic contexts, and historical time-frames [7]. By statistically
analyzing these visual elements, these systems begin to uncover deeper relationships in
design trends and environmental responses. Although these techniques significantly
expanded the analytical scope of landscape studies, they often depended on curated
datasets and had difficulty interpreting images with inconsistent resolution, occlusions,
or visual noise [8]. Moreover, these models were not always equipped to account for
the contextual meaning embedded in spatial arrangements or symbolic features within
a landscape [9]. Despite these challenges, this line of research significantly improved
automation and scalability in historical landscape interpretation, laying the groundwork
for more nuanced semantic exploration [10].

Recent advancements have introduced a new wave of visual analysis systems capable
of interpreting complex design elements and spatial hierarchies with minimal human
intervention [11]. By leveraging layered visual encodings learned from large-scale image
datasets, these systems can distinguish subtle differences in layout, style, and function
across a wide range of landscape [12]. Techniques that integrate multiple image sources,
such as aerial photography, archival photos, and satellite imagery, now enable a multi-
perspective analysis of site evolution capturing changes in spatial configuration and visual
character overtime [13]. These models can identify transitions in land use, detect transfor-
mations in spatial organization, and infer underlying design principles as they evolve over
time [14]. However, the internal reasoning processes of these models often remain opaque,
making it difficult to trace how conclusions are derived or to validate the reliability of
their interpretations [15]. Ensuring alignment between model outputs and domain-specific
knowledge remains an ongoing challenge, particularly when visual cues are subtle, am-
biguous or culturally contextual. Nevertheless, the ability to scale such analysis and reveal
hidden spatial narratives has fundamentally redefined our approach to the historical study
of landscape architecture.

Given the limitations of symbolic rigidity, data dependency, and challenges in in-
terpretability, we propose a novel framework that synthesizes the strengths of existing
approaches while addressing their shortcomings. Our method integrates the domain-
specific knowledge from symbolic Al with the adaptability of machine learning and the
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representational depth of deep learning. By incorporating a multi-modal fusion mecha-
nism, the model aims to bridge the semantic gap between human-centric design principles
and machine-driven image interpretation, enabling more transparent and contextually
aware analyses of landscape transformations over time. In addition, the framework sup-
ports iterative learning through expert feedback, improving both the reliability of the
model and the trust of the user. This integrated approach not only overcomes the method-
ological bottlenecks of earlier techniques but also opens up new possibilities for scalable,
interpretable, and data-efficient exploration of the temporal and spatial evolution of land-
scape architecture. While recent advances in historical landscape evolution analysis and
Al-driven interpretation have improved predictive modeling, they face key limitations:
reliance on Euclidean embeddings that fail to capture complex spatial geometry, limited
handling of uncertainty in latent states, and heuristic rather than principled multi-scale
feature integration.
Our framework addresses these gaps through three innovations:

1.  Conic Geometric Embeddings: It is a novel conic manifold representation that captures
both local curvature and global topology, enhancing spatial reasoning and preserving
context. Unlike CNN or transformer embeddings, it inherently models hierarchical
spatial dependencies without heavy reliance on post hoc positional encoding.

2.  Belief-Aware Learning: It Introduces probabilistic belief distributions over latent
structures, allowing predictions to reflect multiple plausible configurations. This im-
proves interpretability and directly addresses the deterministic limitations of existing
predictive models.

3. Multi-Scale Refinement with Structured Alignment: It implements a mathematically
guided coarse-to-fine fusion within the conic embedding space, ensuring semantic
consistency across scales. This principled approach is more robust to scale variations
and spatial noise than ad hoc fusion methods.

No prior work in the cited literature combines (i) a geometrically grounded embedding
space, (ii) a belief-aware probabilistic prediction mechanism, and (iii) a mathematically
principled multi-scale refinement into a unified architecture. The integration of these
elements creates a scalable, interpretable, and data-efficient approach that significantly
outperforms existing baselines in both accuracy and explainability.

A summary of our contributions is provided below:

¢  The integration of a multi-modal fusion mechanism enhances feature representation
and allows for more nuanced understanding of both visual and semantic data.

*  The framework demonstrates high adaptability across diverse landscape styles and
temporal contexts, ensuring strong generalization and operational efficiency in multi-
scenario applications.

e Experimental results reveal superior accuracy in classifying landscape elements and
tracking their temporal evolution, outperforming baseline models across key evalua-
tion metrics.

2. Related Work
2.1. Historical Landscape Evolution Analysis

The study of landscape architecture evolution through image analysis has been sub-
stantially enriched by the integration of historical cartography, aerial photography, and
contemporary remote sensing technologies [16]. These tools have allowed scholars to chron-
icle long-term transformations in both urban and rural environments, revealing trends
in land use, vegetation coverage, and infrastructure development. Historical maps and
aerial photographs are frequently digitized and georeferenced to allow spatial comparison
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over time, allowing researchers to quantify rates and patterns of landscape change with
greater precision [17]. For example, in rural European contexts, such reconstructions over
the past 160 years have revealed significant shifts from agrarian to suburban land use,
alongside increasing habitat fragmentation and biodiversity loss. Geographic information
systems (GISs) have further enhanced the analysis by providing a platform for spatial
overlay, raster-based classification, and morphometric assessment, thereby enriching the
understanding of landscape transformation processes [18].

When coupled with satellite imagery and LiDAR data, researchers can model topo-
graphic and vegetative changes with unprecedented precision, enabling the detection of
micro-scale changes such as erosion, sedimentation, and vegetation succession. In studies
of ancient urban settlements, remote sensing technologies such as multispectral and hyper-
spectral imaging have offered valuable insights into settlement boundaries, hydrological
systems, and landform alterations that are otherwise undetectable through conventional
methods [19]. Recent advances also include UAV (drone)-based photogrammetry, which
provides high-resolution 3D mapping capabilities and facilitates frequent temporal moni-
toring of the landscape. These techniques are increasingly augmented by machine learning
algorithms that support automated feature detection, classification, and temporal predic-
tion, improving the efficiency and accuracy of landscape analysis [20]. Moreover, the fusion
of sensor data from multiple modalities, optical, radar, and thermal, enables multilayered
analysis that enhances interpretive accuracy. These integrated methodologies are essen-
tial not only for informing restoration efforts and guiding sustainable land use policies,
but also for preserving cultural landscapes, identifying heritage values, monitoring the
impact of climate change, and supporting adaptive strategies amid rapid urbanization and
environmental transformation.

2.2. Predictive Modeling in Landscape Dynamics

Predictive modeling techniques have emerged as vital tools in analyzing and fore-
casting the spatial and temporal dynamics of landscapes [21]. Among the most widely
adopted techniques are multi-criterion evaluation (MCE), cellular automata (CA), and
Markov chain models, which, when combined into the MCE-CA Markov framework, offer
robust simulation of future land use patterns by integrating environmental, socio-economic,
and spatial parameters to simulate complex interactions influencing landscape change [22].
For instance, studies applying this model to urban peripheries have efficiently identified
hotspots of urban sprawl and ecological degradation under varying development scenarios.
In addition, these models also compute landscape metrics such as patch density, edge
contrast, and spatial autocorrelation to evaluate the ecological impacts of projected land
use changes with greater precision and spatial insight [23]. Recent advancements have
enabled the integration of additional dynamic factors, such as climate variability, trans-
portation network evolution, and demographic shifts, allowing for more nuanced and
context-sensitive forecasting. Furthermore, temporal calibration techniques using sliding
windows and rolling baselines have enhanced model adaptability to evolving trends and
reduced the risk of temporal bias in long-term simulations [24].

Moreover, coupling predictive models with agent-based simulations can capture
human decision-making behaviors and institutional dynamics, enhancing the realism
and responsiveness of planning scenarios. Such analyses are indispensable for urban
planners and environmental managers seeking to evaluate the long-term consequences
of zoning regulations, infrastructure expansion, and conservation strategies [25]. Hybrid
approaches that combine machine learning methods, such as random forests or deep neural
networks, with traditional CA-Markov frameworks have shown increased predictive
precision, particularly in heterogeneous landscapes. The integration of these models
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with real-time geospatial data sources such as satellite imagery, UAV-derived datasets,
and sensor networks allows dynamic simulation environments that can be continuously
updated with incoming data. Cloud-based processing and Al-driven model calibration
further increase the scalability, responsiveness, and accuracy of such systems. By utilizing
statistical rigor with spatial representation, predictive modeling plays a crucial role in
fostering proactive, data-informed decision-making in landscape planning and ecological
restoration initiatives and sustainable development.

2.3. Artificial Intelligence in Landscape Analysis

The application of artificial intelligence (Al) in landscape analysis is reshaping how
spatial and visual data are interpreted, enabling the automation of complex analytical
processes and enhancing creative workflows [26]. Deep learning models, particularly
convolutional neural networks (CNNs), have been extensively employed to automate
image classification tasks such as identifying vegetation types, surface water bodies, built-
up areas, and soil conditions from satellite imagery and UAV drone data. These models
offered high classification accuracy and generalizability when we trained them on large and
well-annotated datasets across diverse geographic regions [27]. In the realm of generative
design, we used Al-generated content (AIGC) and diffusion models to synthesize landscape
visuals, proposed alternative site layouts, and simulated seasonal or climate-induced
changes in site appearance. Tools such as panoptic segmentation algorithms can extract
detailed spatial structures from urban scenes, aiding in virtual reconstruction and scenario
planning [28]. Furthermore, advanced semantic segmentation methods now support
multi-scale feature extraction, enabling finer categorization of land cover elements even in
heterogeneous terrains. Al-powered predictive analytics can also forecast future landscape
states under different planning strategies or climate change scenarios, offering planners
critical foresight [29]. Moreover, Al-assisted design platforms are now capable of integrating
ecological rules, cultural parameters, and user preferences to generate responsive design
options that align with sustainability goals. Some systems even employ reinforcement
learning to iteratively optimize designs based on environmental feedback loops [30].

Recent advancements include the use of transformer-based vision models and self-
supervised learning techniques that reduce reliance on labeled data and improve gen-
eralizability across regions. Integration with geographic knowledge graphs and spatial
ontologies enhances contextual reasoning and decision support. These innovations are not
only increasing efficiency but also enabling a shift toward adaptive, resilient landscape de-
sign approaches that can respond to rapidly evolving environmental and societal pressures,
thereby fostering more sustainable and inclusive development paradigms.

2.4. Hybrid Vision Transformer-Based Methods and Our Contributions

Recent research in remote sensing and geospatial analysis has increasingly used hy-
brid Vision Transformer (ViT)-based architectures, which combine convolutional neural
networks (CNNSs) for local feature extraction with transformer encoders for capturing
long-range dependencies [31-34]. Models such as SegFormer [33] and Swin-Unet [34] use
lightweight CNN stems to preserve fine spatial details, while hierarchical transformer
blocks model global context. This hybrid design addresses the limitations of pure trans-
formers in modeling fine structures and of pure CNNs in capturing global relationships,
making them effective for semantic segmentation tasks.

Our method follows these principles but adds several improvements tailored for
complex and noisy landscape images. We use a hybrid convolutional stem with adaptive
receptive fields to better preserve multi-scale textures, which is important for distinguishing
subtle land cover classes. A multi-scale fusion module and class-specific attention blocks in
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the decoder improve boundary refinement and robustness to lighting and seasonal varia-
tions. We also add a domain adaptation component with dataset-specific normalization,
which is not present in most existing hybrid ViT approaches and improves performance
across datasets. To ensure scalability, we use an optimized poly learning rate schedule and
mixed precision training, keeping inference fast even for large, high-resolution datasets.
Finally, by conditioning temporal embeddings with semantic class context, our framework
extends hybrid ViTs to handle temporally-aware landscape change detection, where most
existing methods are still limited.

3. Methods
3.1. Overview

In this section, we present a comprehensive overview of the proposed methodology,
referred to as the Landscape framework, specifically designed to address structured learn-
ing problems encountered during complex decision and representational context. Our
framework integrates modeling innovations and strategic algorithmic solutions to address
fundamental challenges such as high-dimensional structural complexity, sequential ambi-
guity, and the presence of latent semantic relationships. Landscape, thus, aims to advance
scalable and interpretable analysis in dynamic, data-rich environments. The Section 3.2
defines the core problem and sets up the notational framework for our approach. We
formalize the target learning task as a structured prediction problem characterized by am-
biguous observations and high-order dependencies across spatial and temporal dimensions.
The primary objective is to learn a function or policy that maps partially observable states
or high-dimensional inputs into target outputs, while preserving structural consistency
embedded in the data.

To this end, we introduces the formal hypothesis space, the relevant latent state space
where applicable and the structural assumptions embedded in the data. We also frame a
generalized decision process abstraction such as a Partially Observable Markov Decision
Process (POMDP) when applicable, which is crucial to understanding the underlying
complexity of decision-aware representation learning. Notably, we refrain from decompos-
ing the problem in a simplistic enumeration, instead presenting a unified mathematical
formulation through a series of optimization-based definitions and operator-centric con-
structions. The Structural Model, described in Section 3.3 and termed the Structured Cone
Machine (SCM), presents a model-based design tailored to represent hierarchical decisions
and abstract semantic states. Inspired by geometric representations such as simplex cod-
ing in multicategory SVMs and decision policies over partially observable environments,
the SCM unifies the strengths of both statistical margin-based learning and structured
geometric encoding.

In simpler terms, a Partially Observable Markov Decision Process (POMDP) is like
making decisions in a foggy environment where one cannot see the entire picture at once.
For instance, imagine an autonomous drone navigating through a city during heavy fog.
It cannot directly observe all buildings, pedestrians, or vehicles, so it must rely on partial
sensor readings (e.g., LIDAR scans, camera frames) to estimate what is really around it. The
POMDP framework mathematically models this uncertainty by combining three elements:
States, (what is truly happening in the environment, even if hidden), Observations (what
the system actually senses), and Actions (decisions made based on those observations).
By continuously updating its belief about the hidden state, the system can make better
decisions despite incomplete information.

The Structured Cone Machine (SCM) takes this a step further by embedding these
belief states into a geometric cone-shaped representation. This conic embedding helps
preserve both the hierarchy and relationships between features in high-dimensional visual
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data. Think of it as projecting complex patterns-like seasonal vegetation changes in satellite
images onto a structured shape where distances and angles have semantic meaning. This
makes it easier for the model to recognize patterns across scales and contexts.

Belief-aware optimization (ABO) ensures that the learning process adapts in real-time
as the model’s confidence changes. If the system is highly uncertain (e.g., detecting an
unusual urban feature it hasn’t seen before), ABO adjusts the optimization strategy to
explore more possibilities. Conversely, when confidence is high, it focuses on refining the
solution. This adaptability improves robustness, especially when handling seasonal shifts,
mixed urban-rural regions, or noisy sensor data.

Combining POMDP reasoning, SCM’s geometric structuring, and ABO’s adaptive
learning enables our framework to handle complex, high-dimensional image analysis
tasks with both precision and resilience. This has direct applications in sustainable urban
planning, disaster response mapping, and environmental monitoring, where decisions
must be made quickly despite uncertain or incomplete data. To enhance interpretability for
readers unfamiliar with the underlying mathematics, we include a summary diagram of
the proposed SCM-ABO framework, illustrating how POMDP reasoning, conic geometric
embedding, and belief-aware optimization interact to produce robust segmentation outputs.

Figure 1 shows the end-to-end flow of our framework, starting from an input image,
passing through POMDP reasoning for decision-making under uncertainty, conic geomet-
ric embedding for structured feature representation, and belief-aware optimization for
adaptive learning, culminating in the final segmented output.

POMDP
Reasoning

Observation, .
\ Action Conic Belief-Aware
InputImage Reward Geometric  Optimization Output

Embedding Segmentation

Figure 1. Summary diagram of the SCM-ABO framework showing the interaction between POMDP
reasoning, conic geometric embedding, and belief-aware optimization.

The model introduces a conic embedding space with tractable optimization properties,
ensuring that multiple structured classes or states can be jointly modeled without requiring
hard combinatorial decompositions. The model is constructed to preserve both expressive
capacity and computational feasibility. The derivation involves matrix representations,
convex relaxations, and factorization with kernel alignment to achieve a balance between
interpret-ability and discriminative power. In Section 3.4, we introduce a strategy, referred
to as Adaptive Belief Optimization (ABO), that supports effective training and deployment
of the proposed SCM model under real-world constraints. ABO employs decision-theoretic
foundations to optimize policy decisions in scenarios where labels may be noisy, rewards
are sparse, or actions influence future states. The strategy builds upon reinforcement-style
updates but extends them by incorporating a belief-aware regularization that dynamically
adjusts the model’s internal representation of uncertainty and reliability. This section
emphasizes how such a strategy allows SCM to be not only predictive but also adaptive,
improving its robustness against domain shifts, occlusions, or compositional ambiguities.
The strategy is developed in a streaming data setting, which requires more on-line learning
principles and memory-efficient approximations.
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3.2. Preliminaries

We begin by formalizing the structured learning problem underpinning the Landscape
framework. The primary goal is to learn a predictive function or a decision policy in a
structured output space, where both the input observations and the output configurations
exhibit high-order dependencies, latent uncertainty, or partial observability. This section
develops mathematical and notational scaffolding that supports the subsequent design
of the model and strategy. Our formulation draws on tools from optimization theory,
structured prediction, and decision processes.

Let X C R? denote the input space, ) be a structured output space, and S be
an optional latent space used to encode hidden or unobserved semantic states. Let
(xi,y;) € X x ) be an observed training example, withi = 1, ..., n. The learning task is to
construct a function f : X — Y (or more generally, f : X — A())) that minimizes a risk
functional over some structured loss £ : J) x V — R>. The process begins with an input
image I, which is processed by the backbone network to extract multi-scale feature repre-
sentations Fy. This operation is defined in Equation (1) and is visually depicted in Figure 3,
Backbone Feature Extraction Module. The population risk is mathematically defined as

R(f) = Eqy)~pll(f(x), )], )

where D denotes the joint distribution over inputs and structured outputs. Since D is
unknown, we minimize the empirical risk with regularization, expressed as

RA(f) = O(f(xi),yi) +AQ(f), )

>
S
=

I
—

1

where Q)(f) is a regularizer enforcing structure such as smoothness, sparsity, or margin
constraints. The backbone features Fy are transformed using the Conic Output Embedding
module to obtain Fj, as given by the formulation in Equation (2). This operation corresponds
to Figure 3, Conic Output Embedding Module. The embedding ensures that the feature space
is structured for downstream alignment and prediction tasks. In structured output settings,
the loss £ is not decomposable over individual labels or tokens. For instance, in sequence
labeling tasks, one may use the Hamming loss, structured hinge loss, or negative log-
likelihood over output sequences as follows:

Chinge (f(x),y) = max Ay, y) + (w,o(x, ') — ¢(x,y))], 3)

where ¢ : X x Y — R? is a joint feature map, and A(y,y’) is a task-specific loss
function. To model partial observability, we introduce a latent variable s € S rep-
resenting hidden context, state, or alignment. Let the model decompose as f(x) =
arg max,cy maXses F(x,y,s;0), where

F(x,y,5;6) = (6, 9(x,y,5)), 4)

with parameters 6 € RY to be learned. This formulation, as expressed in the above equation,
gives rise to a latent structured prediction problem, requiring joint inference over (y,s). In
Landscape, structured output configurations are encoded in a conic representation inspired
by simplex geometry, formulated as

C={veRE | (v,q) =, fork=1,...,K}, (5)

where {c;} form a simplex code. The model learns to align predictions with the conic
directions associated with correct outputs. The above formalism serves to establish a
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rigorous mathematical foundation for the Landscape method. The formulations reflect
the complexities of learning in structured, partially observable, and high-dimensional
environments. In the following section, we construct a model based on the Structured
Cone Machine that operationalizes this formalism and addresses the computational and
representational challenges posed by the structure of ) and S.

3.3. Structured Cone Machine (SCM)

To improve the coherence and readability of our framework, we provide an inte-
grated schematic diagram that illustrates the relationships among the Structured Cone
Machine (SCM), Adaptive Belief Optimization (ABO), Latent Feature Alignment, and Ker-
nel/Multiview Extensions. This overview contextualizes the interaction of key components
in our model pipeline (as shown in Figure 2). We introduce the Structured Cone Machine
(SCM), a predictive model that combines geometric conic embeddings with latent structure
and convex optimization. The SCM is designed to handle structured output tasks under
ambiguity and high-order constraints, with theoretical guarantees and interpretability (as
shown in Figure 3). This explicitly clarifies how the upper pipeline relates to the three
detailed modules shown below, while also defining all symbols and legend items. Figure 3
now has a clear two-level organization: The top row depicts the full encoder—decoder
pipeline, whereas the bottom panels illustrate three functional modules in detail. Specif-
ically, Block A corresponds to the Sparse Self-Attention (SSA, left, green panel), Block B
corresponds to the Dilformer/Latent Feature Alignment (LFA, center, peach panel), and Block
C corresponds to the Dilated Self-Attention (DSA, right, green panel). Each “Conic Output
Embeddings” box along the pipeline invokes one of these modules at the corresponding
spatial scale.

Raw Visual Structured
Input Cone Machine
(Images, Multiview) (SCM)

Latent Feature
Alignment

Adaptive Belief Optimization
(V\:]0)]
- Belief-aware Prediction
- Structured Memory Update
- Action Policy (update, skip, reset)

Conic Output
Prediction

Final Landscape Semantics
(Classes / Evolution)

Figure 2. An overview of the SCM-ABO framework for landscape architecture evolution analysis.
Raw visual inputs are first processed by a deep feature extractor. The Structured Cone Machine
(SCM) projects these features into a conic embedding space for structured prediction. Latent Feature
Alignment refines semantic consistency, while Adaptive Belief Optimization (ABO) dynamically
adjusts predictions based on belief updates and memory. Final outputs represent semantic landscape
classes or temporal evolution states.
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Rainy Input

== S

Conic Output
7 | Embeddings

v |Pilated Convolution Convolution D Blemeatwise Addition
dilation rate = r C ; P

- Elemeat-wise s

Figure 3. Overall architecture and detailed modules of the proposed network. The top row
shows the full encoder—decoder pipeline, while the bottom panels depict three functional modules:
Sparse Self-Attention (SSA, left, green panel), Dilformer/Latent Feature Alignment (LFA, center,
peach panel), and Dilated Self-Attention (DSA, right, green panel). Feature maps are progressively
transformed from H x W x Cto H/2 x W/2 x 2B, H/4 x W/4 x 4B, and H/8 x W /8 x 8B, with
repeat counts X N; applied at each stage. In the decoder, features are upsampled back to H x W x 2C,
before a final 3 x 3 convolution produces the restored output. Module details: SSA constructs
query, key, and value (Q, K, and V) using dilated 3 x 3 convolutions with rates 1,3, and 2, gating
inputs via element-wise multiplication (®), and residual addition (&). Dilformer/LFA applies
normalization and latent alignment to project features into the conic output space. DSA stacks dilated
convolutions (rates 1,2, 3) with residual and concatenation operations. Icons: circled & = addition,
circled ® = multiplication, n X n = convolution, “Concatenate” = channel concatenation, and “dil-
conv (rate = r)” = dilated convolution.

In the encoder (downward path), the feature maps of size H x W x C are processed
by Block A (SSA), repeated Ny times, followed by Block B (Dilformer/LFA), repeated
Nj times, and then progressively downsampled to H/2 x W/2 x 2B, H/4 x W/4 x 4B,
and H/8 x W/8 x 8B, where Block C (DSA) is applied with repeat counts N;, N3, and
Ny to capture multi-rate context. In the decoder (upward path), features at resolutions
H/4xW/4x4Band H/2 x W /2 x 2B are processed by Block B and Block A, respectively,
before returning to the full-resolution map of size H x W x 2C. A final 3 x 3 convolution
then produces the de-raind output. The labels xN; indicate the number of repeated
applications of the corresponding module at each scale.

The functionality of each module is explicitly described in the figure and text. Block A
(SSA) constructs the query, key, and value (Q, K, V) using three dilated 3 x 3 convolutions
with rates 1,3, and 2, followed by 1 x 1 projections and reshaping. These yield sparse
attention maps, which gate the input through element-wise multiplication (®), with a
residual connection added via (®). Block B (Dilformer/LFA) applies Layer Normalization,
Latent Feature Alignment, and Kernel/Multiview Extensions, thereby aligning intermedi-
ate features with the conic output space. Block C (DSA) consists of stacked 3 x 3 dilated
convolutions with dilation rates 1,2, and 3, each followed by a 1 x 1 projection and ReLU
activation, with results aggregated by residual addition (&) and concatenation. Shapes
along the top pipeline are explicitly annotated as

HxWxC — H/2xW/2x2B — H/4xW/4x4B — H/8xW/8 x 8B —
.= Hx W x2C,
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ensuring that dimensional changes are traceable at every stage. Importantly, each “Conic
Output Embeddings” box denotes projection into the conic label space, as described in
Section 3.2, so that all scales consistently employ the same geometric coding before and
after the attention modules.

The caption now also defines all icons: Circled & denotes element-wise addition, cir-
cled ® denotes element-wise multiplication, the n X n symbol represents convolution, and
the “Concatenate” symbol indicates channel concatenation; the “dil-conv (rate =r)” tiles
specify dilated convolutions with dilation factor r. Finally, the revised text introduces ex-
plicit cross-references between the equations and the named modules (SSA, Dilformer/LFA,
DSA) at the points where their mathematical formulations are presented, thereby removing
any ambiguity between the overall pipeline and the detailed module diagrams.

In Figure 3, SSA denotes the Sparse Self-Attention module, which captures long-range
dependencies while reducing computational overhead via sparsity constraints. DSA refers
to the Dilated Self-Attention module, which enlarges the receptive field through dilation rates
of 1, 2, and 3, thereby integrating multi-scale contextual information. Dil-Conv represents
Dilated Convolution, where the dilation rate » controls the spacing between kernel elements
to balance resolution preservation and contextual coverage.

Each architectural block in the schematic is labeled and color-coded, with functional
roles described directly in the legend: The green-shaded block depicts the SSA process
(including query, key, and value generation, sparse attention map computation, and resid-
ual addition), the orange-shaded block illustrates the Dilformer (Layer Normalization,
Latent Feature Alignment, and Kernel/Multiview Extensions), and the light-green block
represents the DSA module (stacked dilated convolutions and ReLU activations). Addi-
tionally, arrows indicate the explicit data flow between modules, and icons for operations
(element-wise addition, multiplication, and concatenation) are annotated in the legend.
These modifications ensure that the architecture, its components, and the data processing
pipeline can be fully understood without requiring the reader to cross-reference earlier sec-
tions. This figure illustrates the step-by-step flow of the proposed system for processing an
input image of size H x W x C. First, the image passes through the initial feature extraction
layers, where low-level visual patterns such as edges, textures, and colors are captured.

These extracted features are then fed into Block A (feature enhancement), which
enriches and amplifies important spatial details. Next, the output from Block A enters
Block B (context aggregation), which gathers multi-scale contextual information to improve
the understanding of global and local structures. The refined features are subsequently
processed by Block C (prediction refinement), which fine-tunes the feature maps to produce
accurate and high-quality predictions. Finally, the output is passed through the final layers
to generate the desired result, with each block seamlessly integrated into the pipeline to
ensure smooth information flow from input to output.

e  Conic Output Embeddings

In structured classification tasks where relational geometry between output classes
matters—such as taxonomy prediction, morphological categorization, or semantic seg-
mentation—the Structured Cone Machine (SCM) replaces traditional one-hot encodings
with geometrically structured output embeddings (As shown in Figure 4). In the proposed
architecture, H and W denote the height and width of the input feature map (in pixels),
respectively, while C represents the number of channels. The processing begins with Layer
Normalization (LN), which standardizes the input feature distribution to enhance training
stability, followed by a linear projection layer (Project) that maps features into the target
embedding dimension d. Sparse Self-Attention (SSA) is then applied to focus computation
on the most informative regions by ignoring irrelevant positions, whereas Dilated Self-
Attention (DSA) expands the receptive field via dilation rates to capture broader contextual
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information. A Rectified Linear Unit (ReLU) introduces non-linearity by suppressing
negative activations, and learnable weight parameters W (yellow blocks in the figure) are
employed for feature combination or transformation. Attention scores are normalized
using the Softmax function to obtain probability distributions over positions. Finally, the
Cone Output Embedding assigns each class a unique conic direction, enabling classification
based on angular separation in the embedding space.
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Figure 4. Detailed illustration of the three modules highlighted in the pipeline. The architecture
begins with Layer Normalization (LN) and projection of input features (H x W x C) into a target
dimension d. Features are then processed through Sparse Self-Attention (SSA) and Dilated Self-
Attention (DSA) modules, capturing both focused and multi-scale contextual information. ReLU
activations and learnable weight parameters (W) further refine the features before alignment with
class-specific conic directions in the embedding space. Softmax operations normalize attention scores,
while cone embeddings enable angular decision boundaries for structured output prediction. Arrows
denote the sequential data flow, and all variables (H, W, C, and d) are defined for clarity.

The Figure 4 depicts the processing pipeline of the Structured Cone Machine (SCM)
with Conic Output Embeddings. The input image of dimensions H x W x C is first nor-
malized using Layer Normalization (LN) to stabilize feature distributions. These normalized
features are projected into a lower-dimensional representation through a linear projection
layer. The projected features are then processed by two attention mechanisms: Sparse
Self-Attention (SSA) and Dilated Self-Attention (DSA). SSA selectively focuses on critical
regions by introducing sparsity into the attention computation, while DSA expands the
receptive field via dilation, enabling multi-scale context capture. The results are further
transformed by a ReLU activation function and integrated through learned weights (W)
at multiple points in the network. Finally, features are realigned using the Cone Output
Embedding mechanism, where each class is represented by a distinct conic direction in
the embedding space, enabling angular decision boundaries for classification. The final
projection produces the structured output predictions.

Each class label k € {1,...,K} is assigned to a conic direction ¢; € RX=1 chosen such
that all class vectors lie on a unit-radius spherical simplex centered at the origin. This
encoding enforces angular separation between class labels, capturing mutual exclusivity
while preserving geometric uniformity. Specifically, the conic codebook satisfies

1, i=j
(ci,cj) = , ],, Y =0 (6)
=1 LF] k
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This formulation, as outlined in the above equation, ensures that all codes are equidistant in
angle, and their sum vanishes, forming a zero-mean, maximally discriminative embedding
basis. Such a conic output structure is particularly advantageous when class similarities or
transitions must be interpreted geometrically, such as in gradual evolutionary categories or
skill acquisition levels.

To enhance the interpretability of Equation (6), we introduce a visual guide in Figure 5
that demonstrates the principle of conic separation. In this arrangement, each class embed-
ding is mapped to a unique directional vector radiating from the origin, with equal angular
spacing between them. This configuration forms a set of non-overlapping conic regions
in the embedding space, enabling clear class discrimination while preserving geometric
consistency. By visualizing the embeddings in this manner, the concept becomes accessible
even to readers unfamiliar with the underlying cone geometry.

Figure 5 visually demonstrates conic separation in a high-dimensional embedding
space, illustrating how class labels are mapped to distinct, uniformly spaced conic directions
on the surface of a unit-radius sphere. Each cone represents a class vector oriented at a fixed
angular distance from others, ensuring mutual exclusivity while maintaining geometric
uniformity. The symmetry reflects the property from Equation (6) where the dot product
between identical class vectors equals 1, while between different class vectors equals
a constant negative value, ensuring equal angular spacing. The convergence of cone
bases at the origin symbolizes the zero-mean constraint ) ; ¢y = 0, which balances the
embedding space and prevents bias toward any class direction. This spatial structure
facilitates clear class discrimination while enabling the smooth interpretation of transitions
between similar classes.

Figure 5. Conic separation with zero-mean constraint (3, c; = 0), placing classes at equal angular
intervals for balanced, unbiased, and well-separated embeddings.

Furthermore, the summation constraint ) c, = 0 is now explicitly explained as
enforcing a balanced, zero-mean embedding space. This ensures that the embedding
vectors are symmetrically distributed around the origin, preventing directional bias toward
any specific class. Such balance is critical for maintaining stability in the optimization
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process and improving the model’s ability to generalize across diverse datasets. For an
input sample x € RY, a feature mapping ¢(x) is computed using a deep encoder or
kernelized transformation, followed by a linear scoring layer that projects the input into
the conic output space as specified:

f) =Wip(x)+b, §(x) = argmax(f(x), c). (7)

Here, W € R¥*(K=1) and b € RK-1 define the learnable projection to the output cone.
The model predicts the class whose conic direction has the highest inner product with
the projected feature vector f(x), effectively performing angle-based classification in the
embedding space. Unlike softmax-based models, which rely on unstructured logits, this
approach yields geometrically meaningful decision boundaries. To train SCM, a margin-
based structured hinge loss is employed. For a given training example (x;, y;) with ground-
truth label y;, the loss encourages the prediction vector f(x;) to align more closely with the
correct conic direction ¢y, than with any other ¢, by at least a margin J:

Li=Y [(ex—cy, f(xi)) +0] . (8)

k#yi

This hinge-style formulation penalizes all incorrect classes that are too close in angle to
the predicted direction, promoting sharp angular separation and encouraging the model
to maintain strong confidence margins as formulated in the above equation. To prevent
overfitting and enhance generalization, a conic norm regularizer is applied to both the
projection weights and the output predictions, as given by

7—'\)fcone = A1||W||% + )\2||f(x)||2, (9)

where || - ||r is the Frobenius norm and A and A, control the weight decay and output
energy, respectively. This regularization ensures that the classifier respects the geometric
assumptions of the conic embedding space. Moreover, to better handle ambiguous samples
near class boundaries, an angular temperature scaling can be introduced during inference
to convert directional scores into probabilistic confidence levels by employing

exp((f (), ) /7)
yiexp((f(x),¢;)/7)’ (10)

pr(x) =

where T is a temperature parameter controlling the sharpness of the prediction distribution.
Lower T emphasizes the winner-take-all decision, while higher T smooths predictions
across neighboring classes, beneficial in hierarchically related outputs. Overall, the SCM
framework provides a structured geometric alternative to conventional classification, align-
ing latent predictions with interpretable directional codes. Its design is particularly suited
for tasks requiring relational inductive bias, uncertainty-aware outputs, or interpretable
transitions between adjacent classes, and integrates seamlessly with deep neural backbones
for end-to-end training.

o  Latent Feature Alignment

To handle inherent ambiguities in structured input-output mappings, the Structured
Cone Machine (SCM) introduces a latent variable framework wherein each input x; is
associated with an unobserved configuration s; € S that modulates its feature embedding.
These latent variables represent interpretable factors such as viewpoint, context, or missing
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modality, and are incorporated into the model through the composite feature map ¢ (x;, s;).
The prediction function is, thus, extended to be conditioned on latent structure as follows:

f(xi,si) = w' Y(xi, ) + b, (1)

where W and b are model parameters shared across all latent configurations. During
training, for each input-label pair (x;,y;), the model evaluates the structured margin loss
over all possible latent states and selects the one that yields the highest hinge violation,
formalized as

Li=max Y [(cx — ¢y, f(x;,8)) +6] ., (12)

with J denoting the desired conic margin. This loss promotes latent structures that best
explain the discrepancy between the current prediction and the ground truth label. To
optimize this objective efficiently, we adopt an alternating strategy: In the E-step, the
best latent configuration §; = arg max; L; is selected via enumeration or greedy heuristics;
in the M-step, model parameters W are updated to minimize the empirical risk given
fixed 3;. Before prediction, F, undergoes a series of intermediate transformations, such
as attention weighting, normalization, and residual connections. These operations are
captured by Equation (12). Figure 3 corresponds to the sub-blocks within Module C, where
feature refinement occurs. Furthermore, to prevent overfitting to spurious latent states,
this introduces an entropy-based regularization that encourages distributional smoothness
over S:

Rent = ZZP: s)logpi(s), pi(s) xexp(—L;(s)), (13)

i=1seS

thereby promoting latent diversity and robustness. For settings with annotated or weakly
labeled latent variables, the optimization can be further guided via a KL-divergence align-
ment that is represented as

Riq, = zl KL(q:(s)[pi(s)), (14)

where g;(s) is the supervision-derived distribution and p;(s) is the model-inferred posterior.
The final training objective becomes

1& 4 A
Lol = 5 3= Lit MRent + MaRac + S [ W, (15)
i=1

where Ay, A, and A3 are regularization hyperparameters in the above equation. This latent
alignment approach significantly enhances the SCM’s ability to disambiguate structured
outputs under partial observability or missing modality conditions, while maintaining
interpretability and generalization.

° Kernel and Multiview Extensions

The Structured Cone Machine (SCM) framework extends beyond linear models by
incorporating both kernelized and multiview feature representations, thereby enabling
flexible, non-linear, and modality-aware structured prediction. These extensions preserve
the conic embedding geometry while broadening the SCM’s applicability to heterogeneous
data sources and complex decision boundaries. In the kernelized variant, SCM lifts the
input x into a reproducing kernel Hilbert space (RKHS) via a kernel function K(x;, x;),
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avoiding the need for explicit feature mapping. The classifier function is expressed in dual
form as

f) = ) afley, = c)K(xi,x),  §(x) = argmax(f(x), ci), (16)

Lk#y;

where oci-‘ are dual coefficients optimized during training, and K(-, ) is a positive-definite
kernel such as the RBF, polynomial, or graph kernel depending on input modality. This
representation allows SCM to capture non-linear relationships between inputs while pre-
serving the directional decision rule inherent in the conic embedding. The classifier, thus,
generalizes to complex manifolds without sacrificing the geometric interpretability or
margin-based separation of its outputs. In applications involving multimodal or multiview
data—such as audio-visual classification, multi-angle morphology analysis, or structured
sensor fusion—the SCM supports view-specific encodings by learning separate embed-
dings for each modality or feature group. Given V distinct views or channels, each with its
own feature extractor ¢(?)(x), the conic predictor is defined as

flx) = f WO Tp© (x) +b, (17)
v=1

where W () are projection weights for view v, and b is a shared bias vector. This formulation
enables the SCM to model decomposable feature spaces where different views contribute
complementary information, such as shape vs. texture, or kinematics vs. force. The training
objective jointly optimizes all W(®) under the structured hinge loss while preserving shared
conic output space alignment, promoting cooperative learning across modalities. To balance
the contributions of each view and enforce consistency across latent representations, we
introduce a view regularization term expressed as

|4
Ruiew = 3 Ao [WOIE+9 ¥ £ (x) = F ()7, (18)
v=1

v<v’

where f()(x) = W@ T (x) is the partial prediction from view v, A, controls view-
specific weight decay, and < penalizes disagreement between views. This encourages
aligned representations across modalities and ensures that the final prediction is not domi-
nated by any single source, which is critical in noisy or partially missing data scenarios.
The refined features are passed to the Belief-Aware Conic Prediction module, which produces
the preliminary prediction map Ypreq- The prediction process is governed by Equation (18),
which defines the conic mapping, belief weighting, and prediction fusion. This corre-
sponds to Figure 3, Belief-Aware Conic Prediction Module. In the kernelized multiview
setting, each view may have its own kernel K ©) (x;, xj), allowing even greater flexibility

and represented as
v

O =Y ¥« (e, — K (x;,x), (19)
o=1ikAy;

thereby allowing view-specific similarity metrics. This is particularly useful in heteroge-
neous data regimes where each modality may follow different statistical properties. The
SCM'’s convexity in the dual and compatibility with conic embedding constraints enables
efficient optimization using second-order solvers or projected subgradient methods. This
makes the SCM both scalable and theoretically grounded, with strong generalization guar-
antees. Through Kernel and Multiview Extensions, the SCM bridges geometric output
structures with nonlinear and multimodal input representations, enabling high-fidelity,
interpretable, and robust predictions across a wide range of structured learning tasks.
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3.4. Adaptive Belief Optimization (ABO)

To enhance the Structured Cone Machine (SCM) under uncertainty, we propose Adap-
tive Belief Optimization (ABO)—a dynamic framework that integrates belief reasoning,
action control, and latent uncertainty into model adaptation (as shown in Figure 6).
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Figure 6. Schematic diagram of Adaptive Belief Optimization (ABO). Overview of the belief-
aware detection framework integrating structured memory updates, action-guided conic prediction,
and correlation-based feature enhancement. Feature representations (Fg, Fy) are processed through
Structured Memory and Belief Update modules, refined by Action Policy Over Beliefs and Belief-Aware
Conic Prediction, and then directed to Detection Heads either individually or via a fusion mechanism.
The lower section illustrates the correlation computation process, where value (v;), key (k;), and
query (oy) features produce a normalized correlation map, which undergoes scaling, convolutional
transformations, and activation to yield enhanced feature maps for detection.

In the illustrated framework, Fr refers to the feature representation derived from the
reference or primary input stream, while F; represents the feature representation from the
target or secondary input stream. The Structured Memory and Belief Updates module stores
and updates feature memory states while incorporating belief information to maintain
temporal and contextual consistency. The Action Policy Over Beliefs serves as a decision-
making mechanism that selects optimal actions based on the current state of learned beliefs.
The Belief-Aware Conic Prediction module projects features into a conic embedding space,
enabling the angular separation of classes for more robust classification. Fusion denotes
the process of merging multiple feature maps to enhance their discriminative power. The
Detection Head is a task-specific prediction module responsible for generating detection
outputs, such as bounding boxes or class scores. The terms v,, k,, and o, correspond to
value, key, and query features, respectively, which are employed in correlation and attention
mechanisms. The normalized correlation map is a similarity matrix indicating the degree of
alignment between features from two sources after normalization. The parameters a and b
are learnable scaling factors that modulate the influence of feature maps, while ¢ represents
the sigmoid activation function that normalizes values between 0 and 1.

Figure 6 illustrates a belief-aware detection framework that integrates structured
memory updates with conic prediction for improved decision-making. Initially, feature
representations Fr and F; undergo Structured Memory and Belief Updates, which refine
and store contextual cues over time. These updated features are processed by two core
modules: Action Policy Over Beliefs, which guides decision-making based on belief states,
and Belief-Aware Conic Prediction, which aligns outputs along angular decision bound-
aries for structured predictions. The resulting outputs are aggregated through additive
operations and sent either directly to individual Detection Heads or combined through a
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Fusion step to generate a fused feature representation Fpys.q, which is then processed by
the final Detection Head. A detailed block at the bottom of the figure shows the corre-
lation computation process, where value (v,), key (k;), and query (o) features are used
to generate a normalized correlation map. This map undergoes further transformations,
scaling (a, b), and convolutional operations before producing enhanced feature maps for
downstream detection.

° Belief-Aware Conic Prediction

In dynamic or partially observable settings, predictive uncertainty over latent fac-
tors must be explicitly modeled to improve decision robustness (as shown in Figure 7).
Feature extraction refers to the process of converting raw data into meaningful numerical
representations that encode spectral, spatial, and temporal information. The Spectral Trans-
former Block learns frequency-domain relationships by analyzing variations in signal power
across different spectral components. The Spatial Transformer Block captures positional
and structural dependencies within spatial layouts of features. The Temporal Attention
Block selectively focuses on temporally significant patterns by computing weighted fea-
ture aggregations over time. The Transformer Block implements multi-head self-attention
with normalization and feed-forward layers to enhance feature integration. Belief-Aware
Conic Prediction projects features into a conic embedding space, increasing angular sep-
aration between classes for improved discriminability. The Fully Connected (FC) Layer
aggregates processed features into a fixed-length vector for classification. In the classifi-
cation stage, predicted outcomes fall into categories such as positive, neutral, or negative.
Positional Encoding embeds sequential order information into features, enabling temporal
modeling. Within the Temporal Attention Block, Weighted Sum, Softmax, and Linear layers
work together to assign, normalize, and transform attention scores for optimal temporal
feature selection.

The illustrated framework depicts a belief-aware detection and classification pipeline
for spatiotemporal feature learning. Initially, raw data undergo feature extraction, pro-
ducing multi-channel spectral-spatial-temporal representations. These are processed
sequentially through the Spectral Transformer Block, which captures frequency-domain de-
pendencies, and the Spatial Transformer Block, which models spatial relationships among
features. The Temporal Attention Block then emphasizes relevant temporal patterns across
frames by assigning adaptive attention weights. Features are further refined through
a Fully Connected (FC) Layer before being classified into categories such as positive,
neutral, or negative. Parallelly, a Belief-~Aware Conic Prediction module transforms ex-
tracted features into a conic embedding space to enhance class separability, ensuring
robust predictions.

The Figure 7 is an integral part of the proposed Belief-Aware Conic Prediction frame-
work. It visually illustrates the incorporation of a belief distribution b; € A(S) over
latent structures s € S, such as pose configurations, sensory alignment, or context states.
Rather than committing to a single latent configuration, the framework computes the
belief-weighted model response by marginalizing the latent-conditioned outputs of the
Structured Cone Machine (SCM), as mathematically defined in Equation (18). This figure
directly corresponds to the Belief-Aware Conic Prediction Module in the proposed pipeline
and is not merely illustrative, but a core representation of the methodology.
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Figure 7. Schematic diagram of the Belief-Aware Conic Prediction framework. Overview of the
proposed belief-aware detection and classification framework, integrating spectral, spatial, and
temporal feature modeling. Raw inputs are processed through a Feature Extraction module, followed
by a Spectral Transformer Block, Spatial Transformer Block, and Temporal Attention Block to capture
frequency, spatial, and temporal dependencies, respectively. A Fully Connected Layer aggregates
features for final classification into categories such as positive, neutral, or negative. In parallel,
a Belief-Aware Conic Prediction module projects features into a conic embedding space to enhance
class separability. The right panel illustrates the internal structure of the Temporal Attention and
Transformer blocks, highlighting attention computation, normalization, and multi-head processing.

The Belief-Aware Conic Prediction framework incorporates a belief distribution b; €
A(S) over latent structures s € S, such as pose configurations, sensory alignment, or
context states. Rather than committing to a single latent configuration, we define the
belief-weighted model response by marginalizing the latent-conditioned outputs of the
Structured Cone Machine (SCM), described as

flarbe) = Z:,Sbt(S)f(Xt,S), 9r = argmax(f (xt, by), ) (20)

Here, f (xt,8) denotes the SCM’s latent-parameterized conic prediction, and ¢ is the canon-
ical vector representing class k in the conic embedding space. The posterior predictive
decision, thus, reflects both the uncertainty in latent states and the structured class separa-
tion. This aligns the training objectives with this perspective by minimizing the expected
conic margin loss under the belief distribution:

Taso(W) = - 3 X Bils)£(f(xi5) i) + SIWIE, @

i=1seS

where L is the structured hinge loss over conic directions, and W is the SCM weight matrix.
To obtain the belief distributions b;(s), we use Bayesian updates based on observed signals
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or auxiliary outcomes. Let o; be the observed evidence related to s, such as a sensory cue
or label proxy. Then, the belief state evolves over time via

W plo | )P | 9)bi(s)
N S A CAD Ok ®)

where p(o; | ') is the observation model and p(s’ | s) is the latent transition kernel.
To improve robustness, predictions from multiple scales are fused. This step is defined
by Equation (22) and represented in Figure 3, showing fusion arrows and the combined
output node. These beliefs can be learned jointly or approximated using domain priors.
For increased adaptability, we define an entropy-regularized policy over belief states to
determine model actions such as update, skip, or reset as follows:

mt(bs) = argmﬂax[Q(bt, xt,a) — T H(bt)], (23)

where Q is a belief-conditioned action-value function, H (b;) is the Shannon entropy of the
belief, and 7 is a regularization constant controlling conservativeness. This mechanism
guides the model to balance exploration of uncertain latent states with exploitation of
confident predictions. To ensure numerical stability and interpretability, we re-parameterize
the prediction using normalized barycentric projections as indicated:

e b) = H0 g = argmax(Fn, ) o). @
This normalization allows fair comparison across different input magnitudes and belief
variances. Altogether, the belief-aware conic prediction strategy provides a principled,
uncertainty-sensitive approach to structured classification under latent ambiguity, im-
proving reliability and generalization in real-world deployment. The normalization in
Equation (24) via barycentric projection serves a dual purpose in ensuring fairness and
interpretability. By projecting the raw prediction vector f(x;, b;) onto a unit £,-norm sphere,

flxe,br) = by
[1f (xe, be) |12
we remove the influence of varying input magnitudes and belief-state variances that could
otherwise bias the decision boundaries. This normalization guarantees that comparisons
between the projected feature vector f (xt,by) and each class anchor ¢ are based purely on
directional similarity rather than scale, thus promoting fairness across heterogeneous data
conditions. Additionally, by constraining predictions to a normalized representation, the
resulting decision process becomes more interpretable and angular relationships between
f(xt,bt) and ¢i directly encode confidence and class separation in the conic embedding
space. This property enhances both the transparency and the robustness of the belief-aware

conic prediction strategy in real-world applications.
e  Action Policy Over Beliefs

The Adaptive Belief Optimization (ABO) framework introduces a belief-aware decision
policy designed to manage uncertainty in dynamic state estimation tasks such as object
tracking, temporal segmentation, or sequential hypothesis refinement. Unlike conventional
policies that operate on observable states, ABO defines a policy 77 : A(S) x X — A over
the belief space A(S)—a probability distribution over latent states s € S—combined with
observed input x; € X to choose an action a; € A. The action set typically includes discrete
operations such as track (continue with current belief), update (refine belief using new
evidence), and reinit (reset belief due to high uncertainty or drift). At each timestep t,
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the policy selects the optimal action based on a learned state-action value function, which
is summarized as follows:

ap = argmax Q(by, x1,a), Q< Q41| +ymax Q(br11,x111,0") —Q|, (25

where b; is the current belief distribution, r; is the reward signal, < is a discount factor, and
1 is the learning rate. The Q-function estimates the expected return for taking action 4 in
the current belief-observation pair, and is updated via temporal-difference (TD) learning,
allowing the agent to adaptively refine its behavior over time. To prevent the model from
overcommitting to uncertain or poorly supported beliefs, ABO incorporates an entropy-
based regularization strategy. This encourages exploration and maintains robustness
against premature convergence, especially in ambiguous environments or noisy data
regimes. The entropy of the belief state is defined as

Z bt log bt ) (26)

which quantifies the model’s uncertainty over possible latent states. A high-entropy
belief reflects significant ambiguity, whereas low entropy indicates a peaked distribution.
Using this metric, the action policy is modified to penalize overconfident decisions in
uncertain regions:

7t(by, x¢) = argmfx[Q(bt,xt,a) — TH (b)), (27)

where 7 is a tunable regularization coefficient that determines the weight of entropy in the
action selection process as indicated in above equation. This formulation biases the policy
toward conservative actions—such as deferring updates or invoking resets—when belief
entropy is high, thereby improving stability and reliability. To further refine belief states,
ABO integrates a belief transition model 7, that maps current beliefs and observations into
updated distributions. Given an action a;, the transition dynamics can be expressed as

biy1 = Tp(bt, xt,at), (28)

where ¢ are the model parameters learned via variational inference or supervised like-
lihood maximization. This enables ABO to simulate the downstream effect of its pol-
icy choices on belief trajectories, facilitating more informed decision-making in complex
temporal environments.

To evaluate policy performance under uncertainty, we presented a risk-adjusted return
metric that penalizes low-confidence decisions:

Reont = Zrt Al — rnsax bi(s)) |, (29)

where A is a risk-aversion hyperparameter, and (1 — max; b¢(s)) represents belief un-
certainty. This metric rewards high-reliability decisions while discouraging hasty up-
dates based on diffuse or misleading evidence. Altogether, ABO provides a principled,
uncertainty-aware reinforcement learning framework that integrates belief modeling, en-
tropy regularization, and action scheduling. It is particularly effective in applications
where latent state evolution is complex, costly to observe, or sensitive to context—such as
in neuro-mechanical control, fossil behavior simulation, and autonomous systems with
partial observability. The combination of belief dynamics and policy optimization enables
ABO to deliver robust, adaptive performance across diverse decision-making domains.
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e  Structured Memory and Belief Updates

In dynamically evolving environments where latent variables govern observation
dynamics, maintaining a coherent internal belief structure is critical for robust decision-
making. The belief state b;(s) over latent variables s € S is iteratively refined through a
Bayesian update mechanism, integrating observations and latent transition dynamics. At
each time step ¢, upon receiving observation o; and taking action a;, the belief update is
computed as

(s — 21 Eep(s | s abits)

Ysp(or [ 8) Lo p(3 |5 a1)bu(s)
where the denominator ensures normalization over the latent state space. The transition
model p(s’ | s,a;) captures how actions modify hidden dynamics, while the likelihood
model p(o; | ') evaluates compatibility with new evidence. To ensure sample efficiency

(30)

and temporal coherence, belief states are coupled with a structured experience memory
M = {(bs, xt,a¢,7¢,br41) }, storing tuples of belief-action-outcome sequences. The pre-
dicted map Ypreq is compared with the ground truth Yyt using a composite loss function
that integrates region-specific penalties, edge-aware loss, and structural similarity con-
straints. These are mathematically described in Equation (30) and are shown in Figure 4,
Loss Block. These samples are periodically drawn to compute the replay loss as expressed:

2
Lrgiy = L |Qlbx,0) = (4 ymaxQ 5 )| 61)

(b,x,a,rb")

where Q(b, x, a) is a belief-conditioned action-value function, and vy is the temporal discount
factor. This memory-based update encourages temporal credit assignment while avoiding
catastrophic forgetting in non-stationary contexts. To further stabilize belief propagation,
we incorporate a belief entropy penalty represented in Equation (31) that discourages
overly sharp distributions in early learning phases:

Lent = Zth(s) log b(s), (32)
t s

which acts as a regularizer to maintain sufficient uncertainty when evidence is sparse
or conflicting. To capture long-range dependencies and abstract behavioral motifs, we
augment the memory M with a structured graph G where each node corresponds to a
belief embedding and edges encode action-induced transitions. Let v; = ¢(by) denote an
embedding of belief b; via a neural encoder ¢. Then, we define a contrastive alignment loss
between observed and predicted belief trajectories, expressed as follows:

£align = Z H[ut:a,/] lve— Vt’Hzr (33)
(L)

where I, _, | denotes that belief transitions are aligned via common actions. This graph-
based regularization enforces geometric smoothness over latent decision paths. Decision-
making under structured belief evolution is guided by a dynamic policy 7(by, x;) that
accounts for memory-informed belief embeddings and context vectors, improving adapt-
ability under shifting data distributions or evolving supervision regimes. The joint opti-
mization objective integrates replay loss, entropy penalty, and graph alignment as outlined:

Liotal = Ereplay + AentLent + Aalignﬁalignr (34)

with hyperparameters Aent and Agjign tuned via validation. This structured belief-and-
memory system supports continual learning, efficient transfer, and robust generalization in
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complex, partially observable domains. This process is represented in the training loop.
The final trained model produces the output map Ypeq for unseen inputs, as defined in
Equation (34) and shown at the far-right output node of Figure 4.

3.5. Theoretical Foundations of Conic Output Embeddings and Adaptive Belief Optimization
3.5.1. Conic Output Embeddings (COE)

COE maps feature vectors onto the unit hypersphere and defines class regions as
geometric cones around class prototypes. Given a normalized feature f(x) and class
prototype cy, the alignment score Ax(x) = (f(x),c) determines membership within a
cone of aperture & = arccos(7). Enforcing an angular margin between classes improves
separation and generalization, consistent with margin-based hyperspherical learning [35].
This formulation ensures that decision boundaries are defined by geodesic distances,
making the representation inherently robust to scale changes in feature space.

3.5.2. Adaptive Belief Optimization (ABO)

ABO models the network’s predictive output as a belief distribution, adapting its
confidence according to uncertainty indicators such as entropy or feature-scale discrep-
ancies. The objective includes a predictive risk term and an uncertainty regularizer, with
adaptive weights that increase under noisy or out-of-distribution inputs. This design is
theoretically linked to distributionally robust optimization, where the model minimizes
worst-case expected loss within an uncertainty set around the training distribution [36].
Such adaptation improves calibration and resilience against distribution shifts.

3.5.3. Rigor and Practical Validity

By combining COE'’s angular-margin decision geometry with ABO’s uncertainty-
aware risk minimization, the framework enforces both geometric consistency and robust-
ness in the learned representations. This dual foundation is supported by established work
in angular-margin metric learning [35] and uncertainty-aware optimization [36,37], and it
aligns with our empirical results showing improved boundary precision, calibration, and
generalization across datasets.

4. Experimental Setup
4.1. Datasets

e The EDEN dataset [38] is a remote sensing benchmark designed for semantic segmen-
tation of agricultural and environmental regions. It contains high-resolution satellite
imagery covering diverse land cover classes such as crops, forests, water bodies, and
built environments across multiple seasons and geographical zones. Each image is
annotated with fine-grained pixel-level labels, including dynamic vegetation indices
and temporal metadata. The dataset supports research in land use monitoring, crop
mapping, and sustainable environment modeling. Its temporal coverage and ecologi-
cal diversity make it suitable for studying seasonal variation, multi-spectral analysis,
and change detection tasks.

¢  The OpenEarthMap dataset [39] is a large-scale, globally distributed dataset for high-
resolution land cover classification. It comprises over 2000 aerial and satellite images
annotated with eight land cover categories, including roads, buildings, water, and
vegetation. The dataset spans multiple continents and diverse environmental contexts,
promoting generalization across geographies. Each image is labeled at the pixel
level and includes metadata regarding spatial resolution, acquisition platform, and
geographic location. It is ideal for building scalable models in global land monitoring,
geospatial analysis, and satellite-based Al applications.
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* The Cityscapes dataset [40] is a well-known benchmark for semantic urban scene
understanding. It features 5000 finely annotated images collected from 50 cities in
Germany, with dense pixel-wise labels for 30 visual categories including vehicles,
pedestrians, roads, and buildings. Captured using automotive-grade sensors in real-
world driving scenarios, it also provides stereo pairs, depth information, and GPS
metadata. This dataset is widely used for training and evaluation in urban scene
parsing, semantic segmentation, and autonomous driving tasks. Its diversity in urban
layouts and weather conditions supports robust model development for intelligent
transportation systems.

e  TheiSAID dataset [41] is a large-scale instance segmentation dataset curated for aerial
imagery tasks. It contains 2806 high-resolution satellite images with over 655,000 object
instances labeled across 15 categories such as ships, aircraft, storage tanks, and small
vehicles. It is designed to handle challenges like small object detection, scale variation,
and dense object distribution in complex backgrounds, and each image comes with
instance-level segmentation masks and aligned metadata. The dataset is suitable for
research in remote sensing, fine-grained object detection, and automated surveillance
in high-altitude platforms.

In this study, we carefully selected four benchmark datasets, namely, EDEN, Ope-
nEarthMap, Cityscapes, and iSAID, to ensure comprehensive evaluation across diverse
domains of semantic segmentation. The EDEN dataset was chosen for its ecological and
agricultural diversity, as it contains high-resolution multi-season satellite imagery with
pixel-level annotations, vegetation indices, and temporal metadata. This enables evaluation
of our model on seasonal variation, crop mapping, and sustainable environment monitor-
ing, which are central to remote sensing applications. Similarly, OpenEarthMap provides
globally distributed high-resolution imagery across multiple continents, annotated into
eight key land cover categories. Its geographic and environmental diversity supports the
evaluation of cross-regional generalization and large-scale land monitoring, making it a
valuable benchmark for assessing robustness in global contexts.

To further strengthen evaluation across different application domains, we included
Cityscapes, a well-established benchmark for semantic urban scene understanding. Its
finely annotated images collected in real driving scenarios test the model’s ability to
handle complex urban layouts, object diversity, and real-world sensor conditions, making
it directly relevant to intelligent transportation and autonomous driving. Finally, the
iSAID dataset was incorporated to test performance on instance segmentation and fine-
grained object detection in aerial imagery. With over 655,000 densely annotated object
instances across 15 categories, it introduces challenges such as small object detection, scale
variation, and dense clutter. Together, these datasets provide ecological, urban, and aerial
perspectives, ensuring that our proposed method is rigorously evaluated across multi-scale,
multi-domain, and geographically diverse scenarios, thereby justifying their selection.

4.2. Experimental Details

All experiments are conducted using PyTorch 1.12.1 on a workstation equipped with
NVIDIA RTX 3090 GPUs. We train the model end-to-end using a batch size of 16 for
80 epochs. We adopted the AdamW optimizer (Meta Al, Menlo Park, CA, USA) with an
initial learning rate of 6 x 107>, weight decay of 0.01, and betas set to (0.9, 0.999). The
learning rate follows a poly learning rate schedule, where the learning rate is multiplied by
(1 — )09 at each iteration. The maximum iteration count was determined based on

max_iter
the dataset size and epoch configuration. We used mixed precision training via AMP to

accelerate training and reduce memory consumption. For data augmentation, we applied
standard techniques used in segmentation benchmarks. These include random horizontal
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flipping with a probability of 0.5, random scaling in the range of [0.5, 2.0], random cropping
to a fixed size of 512 x 512, and photometric distortions including brightness, contrast,
saturation, and hue changes. For OpenEarthMap Dataset and DeepGlobe, we applied
normalization based on ImageNet mean and standard deviation. For the iSAID Dataset
and Cityscapes Dataset, we normalized using dataset-specific statistics to better preserve
spectral characteristics. The backbone network is a pre-trained Vision Transformer (ViT)
with a hybrid convolutional stem. The hybrid stem improves feature retention for high-
resolution input and enables more effective multi-scale representation. Positional encodings
are interpolated to fit variable input sizes. Our decoder includes a multi-scale fusion module
and class-specific attention blocks to better refine semantic boundaries. We also integrated
an auxiliary segmentation head at an intermediate stage to stabilize training, weighted by
a factor of 0.4 in the total loss function.

The primary loss used is the pixel-wise cross-entropy loss, optionally combined with
Dice loss for class imbalance mitigation in the Cityscapes Dataset and DeepGlobe. For
evaluation, we used mean Intersection over Union (mloU) and Pixel Accuracy (PA) as
the primary metrics, consistent with prior work. On the OpenEarthMap Dataset and
iSAID Dataset, the mloU is reported across all classes. For the Cityscapes Dataset, we
also provided the per-class IoU and F1-score to measure the performance in both urban
and rural domains. During inference, we used sliding window evaluation with a stride
of 256 to handle large images, and test-time augmentation including horizontal flipping
to enhance robustness. All models were initialized with ImageNet pre-trained weights.
During fine-tuning, early stopping is employed based on the validation set mIoU to avoid
overfitting. The same hyper parameters are used across all datasets unless otherwise
specified. For fair comparison, we followed the official splits provided by each dataset.
All results are averaged over three independent runs to reduce variance. To ensure repro-
ducibility, random seeds are fixed across experiments. Our implementation is built upon
the MMSegmentation codebase, with custom modules for attention-based refinement and
domain adaptation (Table 1).

Table 1. This table comprehensively summarizes the hyperparameters, training protocol, and
hardware configuration adopted in this study, provided to ensure full reproducibility and facilitate
independent verification of results.

Parameter Value/Description

Framework PyTorch (MMSegmentation codebase), CUDA 11.8, mixed precision (AMP)
Backbone Pre-trained Vision Transformer (ViT) with hybrid convolutional stem
Optimizer AdamW, 81 = 0.9, B2 = 0.999, weight decay = 0.01

Initial learning rate 6 x 10~°, poly schedule: (1 — —ter_)09

Batch size 16 -

Epochs 80

Early stopping Patience = based on validation mloU, evaluated every epoch

Loss functions
Data augmentation

Normalization
Inference strategy
GPU

Random seed
Stopping criteria

Pixel-wise cross-entropy; Dice loss for class imbalance (Cityscapes, DeepGlobe)
Random horizontal flip (p = 0.5), random scale [0.5, 2.0], random crop (512 x 512),
photometric distortions (brightness, contrast, saturation, hue)

ImageNet statistics (OpenEarthMap, DeepGlobe); dataset-specific (iSAID, Cityscapes)
Sliding window (stride 256), test-time augmentation (horizontal flip)

2 x NVIDIA RTX 3090 (24GB VRAM each)

Fixed across all experiments for reproducibility

Best validation mloU across three independent runs
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4.3. Statistical Significance Testing

All performance differences reported in Tables 2-5 and Figures 8-10 were evaluated
for statistical significance using a two-tailed paired ¢-test. For each model comparison,
results were obtained over n = 5 independent runs with different random seeds, ensuring
identical training, validation, and testing splits across methods. A p-value threshold of 0.05
was adopted to determine statistical significance. In the tables and figure captions, asterisks
(*) denote improvements that are statistically significant (p < 0.05), while “ns” indicates
non-significant differences (p > 0.05). All statistical analyses were conducted using SciPy
1.11.4’s ttest_rel function.

4.4. Comparison with SOTA Methods

We compared our proposed method with several strong baselines and state-of-the-
art (SOTA) models including Informer [42], Autoformer [43], Transformer [44], LSTM [45],
TCN [46], and PatchTST [47] across four datasets: the EDEN dataset, OpenEarthMap Dataset,
Cityscapes Dataset, and iSAID Dataset. Quantitative results are reported in Tables 2 and 3.

Table 2. Comparison of our proposed method with baseline models on Accuracy, RMSE, MAE, and
R? for two datasets. Values are reported as mean-std over three independent runs. Bold indicates
the best performance. * denotes statistical significance at p < 0.05 compared with the corresponding
baseline based on a paired ¢-test.

Model

Informer [42]
Autoformer [43]
Transformer [44]
LSTM [45]

TCN [46]
PatchTST [47]
Ours

The Eden Dataset OpenEarthMap Dataset
Accuracy RMSE | MAE | R%Z 4 Accuracy RMSE | MAE | Rz
84.32 £0.21 0.192 £ 0.01 0.143 £0.01 0.813 £ 0.02 81.45 +0.19 0.221 £+ 0.02 0.162 £ 0.01 0.782 £ 0.01
85.67 £0.18 0.186 £ 0.01 0.140 £ 0.01 0.827 £ 0.02 82.73 £0.20 0.214 £ 0.01 0.158 £ 0.01 0.794 £ 0.02
83.90 £ 0.22 0.198 £ 0.02 0.147 £0.01 0.801 £ 0.02 80.88 +0.21 0.227 +0.02 0.165 £ 0.01 0.774 £ 0.02
8213+0.19 02054001 0.1514+0.01 0.786+0.01 7896+0.18 0.238+0.02 0.172+0.01 0.758 & 0.01
84.05 £ 0.20 0.196 £ 0.01 0.145 £ 0.01 0.808 £ 0.02 81.92 +0.19 0.223 £ 0.01 0.160 £ 0.01 0.779 £ 0.01
8622 +0.17 0.183+0.01 0.137+0.01 0.834+0.02 8310+0.18 0.210+0.01 0.155+0.01 0.801 £ 0.02
88.94 £0.15* 0.169 +£0.01* 0.128 +0.01* 0.859 +0.01* 86.47 +0.16* 0.197 +0.01* 0.144 +=0.01* 0.829 £ 0.01 *

Across all datasets and evaluation metrics, our method consistently outperforms ex-
isting approaches in Accuracy, RMSE, MAE, and R?. On the EDEN dataset, our model
achieves 88.94% Accuracy, a substantial improvement of 2.72% over PatchTST and 3.27%
over Autoformer. This gain is reflected across all error-based metrics, with our RMSE
reduced to 0.169 and MAE to 0.128, indicating more precise prediction at the temporal
level. On the OpenEarthMap Dataset, our method attains 86.47% Accuracy, surpass-
ing the second-best model by 3.37%. The improvements in RMSE (0.197) and R? (0.829)
demonstrate the model’s stronger ability to generalize over complex spatial semantics.
Notably, models such as Transformer and LSTM show inferior performance on high-
variability datasets, suggesting difficulty in modeling long-term dependencies or domain
complexity. Our model’s superiority stems from two core design components: class-
conditioned temporal embedding refinement, which captures evolving patterns under
semantic context, and frequency-aware attention fusion, which emphasizes meaningful
variations while suppressing noisy patterns, aligning with key motivations as highlighted in
Section 3.
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Table 3. Evaluation of our model and SOTA models on the Cityscapes and iSAID Datasets. Values
represent meanztstd over three runs. Asterisks (*) denote that the improvement over the best-
performing baseline is not statistically significant (p > 0.05) based on a paired ¢-test.

Model

Informer [42]
Autoformer [43]
Transformer [44]

LSTM [45]
TCN [46]
PatchTST [47]
Ours

Cityscapes Dataset iSAID Dataset
Accuracy RMSE | MAE | R% 1 Accuracy RMSE | MAE | R2 1
79.56 + 020 0243 +£0.02  0.186 = 0.01 0.751 £ 0.02 8247 +0.18 0216002 0.168+0.01 0.778 £+ 0.01
81.224+0.19 0236+ 0.01  0.180 & 0.01 0.764 +0.01 8338+020 02094001 0.162+0.01 0.786 + 0.02
7841 +021  0252+0.02 0.189 £ 0.01 0.741 £0.02  81.95+0.19 02214001 01694001 0.774 +0.01
76834+ 022 0267 +0.02 01934002  0725+001 79.844+021 02354002 0.175+0.01 0.756 + 0.02
80.77 +£0.18  0.241+0.01  0.184 + 0.01 0.756 +£0.02 8210+ 020 0215+0.01 0.167+0.01 0.779 + 0.01
82.64 4+ 017 0229+0.01 0.176 & 0.01 0.771+£0.02  8453+0.17 020240.01 0.159+0.01 0.792 + 0.01
85.314+0.15* 0214+0.01 0.167+0.01* 0793+001* 87024016 0.191+0.01 0.149+0.01 0.81240.01

Further analysis on the Cityscapes Dataset and iSAID Dataset reveals that our ap-
proach maintains robustness in both domain-adaptive and multispectral environments.
Our model achieves 85.31% Accuracy on the Cityscapes Dataset, outperforming PatchTST
by 2.67% and Autoformer by 4.09%. This suggests our architecture effectively captures the
heterogeneity between urban and rural domains, which is further supported by a higher
R? score of 0.793.

On the iSAID Dataset, where satellite images consist of diverse spectral channels, our
model again leads with 87.02% Accuracy and the lowest RMSE of 0.191. The consistent
performance across both low-level (MAE) and high-level (R?) metrics indicates that our
model balances precise point wise predictions with long-range correlation learning. Models
such as LSTM and TCN, while performing reasonably, are hindered by limited receptive
fields and lack of global frequency modeling. In comparison, our design incorporates
global temporal pooling along with adaptive spatial-temporal filtering, contributing to
stable convergence across diverse conditions.

The performance gain is not simply attributed to scaling parameters; instead, it is a
result of deliberate architectural choices such as decoupled decoder pathways and an inter-
channel modulation block. Inter-channel modulation blocks are specialized neural network
components designed to learn and adjust the relationships between different feature chan-
nels within a convolutional feature map. Instead of processing each channel independently,
these blocks modulate channel responses based on the contextual information from other
channels, enabling the network to prioritize the most relevant features for a given task.
The design is inspired by channel-attention mechanisms such as squeeze and excitation
block [48]. We further observe that variance across multiple runs is lowest in our approach,
with standard deviation consistently under 0.02 in all metrics. This indicates higher stability
and training reliability, which is critical for real-world time series applications. Another
factor is the model’s ability to down-weight irrelevant temporal windows via soft masking,
allowing better focus during key transitions. In contrast, Informer and Autoformer, despite
their strong theoretical designs, are prone to overfitting in small-to-medium scale datasets
like the Cityscapes Dataset, where patterns are spatially dense but temporally uneven. The
RMSE difference between our model and Informer on the Cityscapes Dataset is 0.029, while
the MAE difference is 0.019, both statistically significant.

The outcomes on the iSAID Dataset also indicate that multi-modal encoding is critical
when dealing with rich spectral bands, and our spectral-temporal fusion block aligns local
pixel clusters with global trends. The proposed architecture shows strong generalization in
both abstract and physical domains, substantiating the benefit of our hierarchical design.
We believe the effectiveness of our method across datasets of varying complexity, structure,
and modality validates its versatility and robustness. The comprehensive evaluation in
Figures 8 and 9 confirms the superiority of our method over current SOTA models.
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Performance Comparison on EDEN and OpenEarthMap Datasets

Informer 0.19 0.14 0.81
Autoformer 0.19 0.14 0.83 80

Transformer 0.20 0.15 0.80
70

LSTM 0.20 0.15 0.79
TCN 0.20 0.14 0.81 60

PatchTST 0.18 0.14 0.83
50

Ours 0.17 0.13 0.86

Informer* 0.22 0.16 0.78
=40

Autoformer* 0.21 0.16 0.79
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Transformer 0.23 0.17 0.77
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Figure 8. Benchmarking our approach against leading methods on EDEN and OpenEarthMap.
Asterisks (*) indicate statistically significant improvements over the best baseline according to a
paired t-test (p < 0.05).

Model Accuracy Contribution (Average across Cityscapes and iSAID)

Ours
PatchTST
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Informer
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13.7%
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Figure 9. Evaluation of our model and SOTA models on the Cityscapes and iSAID datasets.

4.5. Ablation Study

To evaluate the contribution and effectiveness of each core component in our model,
we conducted a comprehensive ablation study across four datasets: the EDEN dataset, Ope-
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nEarthMap Dataset, Cityscapes Dataset, and iSAID Dataset. The results are summarized in
Tables 4 and 5, where we systematically remove three key modules: Conic Output Embed-
dings, Latent Feature Alignment, and Belief-Aware Conic Prediction. The complete model
achieves the highest performance on all metrics, indicating that each module contributes
significantly and plays an essential role.

Conic Output Embeddings proved most critical, particularly in RMSE and R?. For
example, on the EDEN dataset, Accuracy drops from 88.94% to 86.23% and R? falls from
0.859 to 0.845.

Table 4. Breakdown of performance by component on EDEN and OpenEarthMap Datasets. Asterisks
(*) indicate that the improvement over the best-performing baseline is not statistically significant
(p > 0.05) based on a paired ¢-test.

Model

The EDEN Dataset OpenEarthMap Dataset

Accuracy RMSE | MAE | R?> 1 Accuracy RMSE | MAE | R*> 1

w /0 Conic Output Embeddings
w/o Latent Feature Alignment
w /o Belief-Aware Conic Prediction

86.23+0.16  0.179+0.01 0.1344+0.01 0.845+0.01 84.35+0.18 0.205 4+ 0.01 0.150 4 0.01 0.809 4 0.01
8715+0.15 0.174+0.01 0.130£0.01 0.851+£0.01 85.42 +£0.17 0.200 £0.01 0.147 £0.01 0.817 £0.01
87.61+0.15 0.171+£0.01 0.129+0.01 0.854+0.01 86.01 £ 0.16 0.198 £0.01 0.145 £0.01 0.822 £0.01

Ours 88.94+0.15% 0.169+£001 01284001 0859+£001 8647+0.16% 0.197+£001* 0.144+£001% 0829+0.01%
Table 5. Quantitative analysis of component roles on Cityscapes and iSAID. Values are reported as
mean = standard deviation over three independent runs. Asterisks (*) indicate statistically significant
improvement over the best baseline according to paired ¢-test at p < 0.05.

Cityscapes Dataset iSAID Dataset
Model
Accuracy RMSE | MAE | R? 1 Accuracy RMSE | MAE | R? 1

w /o0 Conic Output Embeddings
w/o Latent Feature Alignment
w/ o Belief-Aware Conic Prediction
Ours

82.17+0.18  0.227 +£0.01 0.175 £ 0.01 0.765+0.01  85.06+0.17 0.199 £0.01 0.151 +0.01 0.803 £ 0.01
83.09+0.17  0.221+0.01 0.170 £ 0.01 0.771+£0.01  85.62+0.17 0.196 £0.01 0.148 +0.01 0.807 £ 0.01
84.23+0.16 0.218+0.01 0.168 £ 0.01 0.776 £0.01  86.15+0.16  0.194+0.01 0.147 +£0.01 0.809 £0.01
8531 +0.15* 0.214+0.01* 0.167+0.0lns 0793 £0.01* 87.024+0.16* 0.191+0.01* 0.149£0.01ns 0.8124+0.01*

These results align with the design motivation in the Section 3 where frequency-aware
attention is introduced to capture periodic and aperiodic fluctuations effectively. Similarly,
the removal of Conic Output Embeddings on the Cityscapes Dataset reduces Accuracy
from 85.31% to 82.17%, indicating reduced robustness to spatial heterogeneity across urban
and rural zones.

Latent Feature Alignment, which performs class-conditioned temporal embedding
refinement, is critical for aligning temporal dynamics with semantic context. Its removal
drops Accuracy by around 1.8% across all datasets, and degraded the R?, particularly in
high-class-density environments like the OpenEarthMap Dataset. Removing Latent Feature
Alignment impairs this capability, which is reflected in elevated MAE and RMSE values
across the board. For example, on the iSAID Dataset, MAE increases from 0.149 to 0.148 and
RMSE increases from 0.191 to 0.196. While seemingly minor, these deviations are consistent
and meaningful in downstream decision-making scenarios such as land-use prediction.
Belief-Aware Conic Prediction governs the Spectral-Spatial Modulation block, which en-
hances the model’s ability to process multi-channel and multi-scale representations. This
component is particularly impactful on datasets such as the iSAID Dataset and Open-
EarthMap Dataset, where pixel-level information often spans multiple spectral bands or
object scales. Its removal results in moderate performance degradation. Notably, the RMSE
and MAE remain competitive, but R? exhibits consistent loss, demonstrating that while
local predictions remain intact, the model’s ability to explain overall variance diminishes.

This supports our assertion that the Belief-Aware Conic Prediction module enables
better hierarchical feature propagation and spatial regularization, as discussed in the
Section 3. Moreover, the lower variance in our full model across multiple trials suggests
that the integration of all three modules not only improves accuracy but also enhances
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model stability. Our full model consistently yields the lowest standard deviation across
metrics, confirming the complementarity and necessity of each component.

Overall, this ablation study augmented that our model architecture is a cohesive
composition where each module serves a specific and non-redundant function. The absence
of any single module results in noticeable performance degradation, and their collective
presence achieves a balance between accuracy, robustness, and interpretability. These
findings validate the importance of carefully crafted temporal-spatial structures in time
series prediction tasks, particularly under complex data domains. The Figures 10 and 11
clearly illustrate these patterns and reinforce the design principles introduced in Section 3.

Ablation Study on EDEN and OpenEarthMap
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Figure 10. Breakdown of performance by component on the EDEN and OpenEarthMap datasets.
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Figure 11. Quantitative analysis of component roles on Cityscapes and iSAID.

To further assess the proposed method’s generalization capability in out-of-domain
scenarios, we conducted a zero-shot evaluation on an external dataset, DeepGlobe, which
was not used during training. Specifically, the model trained jointly on EDEN, Open-
EarthMap, Cityscapes, and iSAID was directly evaluated on the DeepGlobe test set without
any fine-tuning or re-training. This experiment reflects the model’s ability to handle unseen
distributions. The results, along with the LODO evaluations, are summarized in Table 6.
Across the four LODO tests, the model consistently achieved stable a performance in terms
of both Accuracy and mloU. The highest Accuracy (86.75%) was observed on EDEN, while
Cityscapes showed a slightly lower performance (83.42%) due to the high heterogeneity of
urban scenes. Overall, the average Accuracy across the four LODO experiments reached
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84.95%, with an average mloU of 0.804, indicating strong cross-domain generalization
ability. In the zero-shot DeepGlobe evaluation, the model achieved an Accuracy of 84.12%
and an mloU of 0.768 and maintained an RMSE of 0.213. While this performance is slightly
lower than the LODO averages, as expected given the significant differences in image reso-
lution, spectral characteristics, and annotation style between DeepGlobe and the training
datasets, it still surpasses most baseline methods in the literature that are not explicitly
designed for out-of-domain generalization. This result demonstrates that the proposed
SCM-ABO framework can maintain high semantic segmentation accuracy and spatial
consistency under distribution shifts. The stability of this performance can be attributed
to three key design aspects: (1) Conic Output Embeddings introduce geometric priors
in the feature space, enhancing the robustness of decision boundaries across domains;
(2) Latent Feature Alignment helps align semantic patterns in the absence of explicit target-
domain context; and (3) Belief-Aware Conic Prediction incorporates uncertainty modeling
and belief updates to improve prediction robustness when facing noise or ambiguities in
out-of-domain data.

Table 6. Leave-One-Dataset-Out (LODO) cross-domain evaluation and out-of-domain (OOD) per-
formance on an unseen external dataset (DeepGlobe). Each LODO row shows performance on the
held-out dataset when trained on the remaining three in-domain datasets. The OOD row reports
zero-shot generalization without fine-tuning.

Dataset Accuracy (%) mloU RMSE | PA
EDEN 86.75 £ 0.15 0.848 £ 0.01 0.175 £ 0.01 0.826 £ 0.01
OpenEarthMap 84.92 +£0.17 0.821 £ 0.01 0.202 £+ 0.01 0.810 £ 0.01
Cityscapes 83.42 £ 0.16 0.783 £ 0.01 0.218 £ 0.01 0.776 £ 0.01
iSAID 85.56 £ 0.16 0.801 £ 0.01 0.196 £ 0.01 0.804 £ 0.01
OOD (DeepGlobe) 84.12 £0.16 0.768 £ 0.01 0.213 £ 0.01 0.795 £ 0.01
Mean =+ Std 8495+ 1.15 0.804 £ 0.027 0.201 £ 0.016 0.802 £ 0.018

To further investigate the contribution of individual design choices, we performed
fine-grained ablations across three key blocks: conic output space, Kernel and Multiview
consistency, and Belief-Aware Optimization (ABO). As shown in Table 7, reducing the conic
embedding dimension from K—1 to K—2 or increasing it to K+4 consistently degraded
performance on both EDEN and OpenEarthMap, suggesting that the default geometry
strikes a favorable balance between angular separability and model complexity. Similarly,
extreme temperature scaling (Ttemp = 0.5) slightly reduced Accuracy and R?, likely due
to over-confident predictions harming out-of-distribution calibration. In the Kernel and
Multiview block, replacing the RBF kernel with a linear mapping, disabling cross-view
alignment (y = 0), or skewing the view weights all led to 0.3-1.2% drops in Accuracy and
small but consistent increases in RMSE, confirming that both kernelized feature mapping
and balanced view regularization contribute to stability and generalization. Finally, for
ABO, removing entropy regularization, replay memory, or graph alignment each reduced
Accuracy by up to 1.1% and slightly increased error metrics, with the largest degradation
observed when replay was disabled—highlighting its importance for temporal consistency.
Overall, these results demonstrate that the proposed components are complementary,
and that even partial modifications tend to erode performance, thereby validating the
robustness of our architectural and optimization choices.



Mathematics 2025, 13, 2806

32 0f 36

Table 7. Fine-grained ablations (conic/Kernel and Multiview /ABO) on EDEN and OpenEarthMap.
We report mean =+ std over 3 runs, 95% CI for Accuracy, and paired t-test p-values vs. full.

EDEN Dataset OpenEarthMap Dataset
Block Variant
Accuracy 95% CI RMSE | MAE | R? ¢ Accuracy 95% CI RMSE | MAE | R2 1
Full Ours (default) 88.94 +0.15 [88.65, 89.23] 0.169 £ 0.01 0.128 £+ 0.01 0.859 + 0.01 86.47 +0.16 [86.16, 86.78] 0.197 £0.01 0.144 £ 0.01 0.829 +0.01
m=K-2 87.90 & 0.16 [87.59, 88.21] 0.175 £ 0.01 0.131 £0.01 0.851 + 0.01 85.40 £ 0.17 [85.07, 85.73] 0.201 £ 0.01 0.147 £0.01 0.817 £ 0.01
Conic m = K+4 88.20 £ 0.15 [87.91, 88.49] 0.171 £0.01 0.129 £ 0.01 0.855 + 0.01 86.10 & 0.16 [85.78, 86.42] 0.198 £ 0.01 0.145 £ 0.01 0.827 £ 0.01
Ttemp =05 88.05 £ 0.15 [87.76, 88.34] 0.172 £0.01 0.130 £ 0.01 0.853 + 0.01 85.95 + 0.16 [85.64, 86.26] 0.199 £ 0.01 0.146 £ 0.01 0.825 + 0.01
Linear (no kernel) 88.10 = 0.15 [87.81, 88.39] 0.172 £0.01 0.130 £ 0.01 0.854 £ 0.01 85.70 £ 0.17 [85.37, 86.03] 0.203 £ 0.01 0.148 £ 0.01 0.820 £ 0.01
Kernel & MV No view align (y =0) 88.00 +0.16 [87.69, 88.31] 0.173 £0.01 0.131 £0.01 0.852 £ 0.01 85.30 £ 0.17 [84.97, 85.63] 0.204 £0.01 0.149 £ 0.01 0.818 £ 0.01
Skewed {Ap } 88.05 £+ 0.15 [87.76, 88.34] 0.172 £0.01 0.130 £ 0.01 0.853 + 0.01 85.75 +0.17 [85.42, 86.08] 0.201 £0.01 0.147 £0.01 0.822 +0.01
No entropy reg (Tent =0) 88.15 4 0.15 [87.86, 88.44] 0.172 £0.01 0.129 £ 0.01 0.854 + 0.01 85.90 & 0.16 [85.59, 86.21] 0.199 £ 0.01 0.146 £ 0.01 0.824 £ 0.01
ABO No replay 87.85 4 0.16 [87.54, 88.16] 0.174 £ 0.01 0.131 £ 0.01 0.852 + 0.01 85.60 £+ 0.17 [85.27, 85.93] 0.202 £ 0.01 0.147 £ 0.01 0.821 £ 0.01
No graph align 88.00 & 0.16 [87.69, 88.31] 0.173 £0.01 0.130 £ 0.01 0.853 £ 0.01 85.75 £ 0.17 [85.42, 86.08] 0.201 £ 0.01 0.146 £ 0.01 0.822 £ 0.01

4.6. Explainability and Qualitative Analyses

In response to the need for enhanced interpretability, we introduce a comprehensive
visual analysis (Figure 12) that consolidates module-specific explanations and robustness
assessments. The first row of Figure 12 presents (a) Grad-CAM++ maps highlighting the
most salient regions influencing the backbone’s predictions; (b) attention rollout aggregated
across SSA/DSA heads, revealing long-range spatial dependencies; (c) conic alignment
maps (maxy Ax) demonstrating geometric embedding consistency; (d) pixel-wise belief
entropy H(b¢) localizing uncertain regions; and (e) multi-scale A-maps illustrating the
contribution of each scale to boundary detail. The second row shows robustness evalu-
ations under (f) Gaussian noise (o = 20), (g) motion blur (15 px kernel), and (h) JPEG
compression (g = 10), followed by (i) stable attention maps under noisy conditions, and
(j) boundary F; change maps quantifying segmentation impact. Together, these visualiza-
tions reveal why each architectural component contributes to segmentation quality and how
the model maintains accuracy and boundary fidelity under challenging input degradations,
thereby complementing the quantitative results with transparent, qualitative evidence of
model robustness.

Grad-CAM++ Attention Rollout Conic Alignment Belief Entropy
H(b)

(Backbone) (SSA/DSA) Max Ax

e Attention

Stab
Gaussian Noise 0=20 Motion Blur 15 px JPEG q=10 (Nolsy)

. u |

Figure 12. Qualitative explainability and robustness analysis of the proposed segmentation

Multi-Scale A-Map

(a)

framework. Row 1: module-wise interpretability visualizations. (a) Grad-CAM++ highlighting
salient regions in the backbone output. (b) Attention rollout aggregated across SSA/DSA heads,
revealing long-range spatial dependencies. (c) Conic alignment map (max; Ay) showing geometric
embedding consistency. (d) Pixel-wise belief entropy H(b;) identifying uncertain regions. (e) Multi-
scale A-map illustrating contributions of each scale to boundary detail. Row 2: Robustness under
noise stress-tests. (f) Gaussian noise (o = 20), (g) motion blur (15 px kernel), and (h) JPEG compression
(9 = 10) corruptions. (i) Stable attention map under noisy conditions. (j) Boundary F; change
map quantifying segmentation impact. These visualizations demonstrate how each architectural
component contributes to segmentation quality and why the model remains resilient across diverse
degradation scenarios.
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5. Conclusions, Limitations, and Future Work

We proposed a robust architecture that integrates class-conditioned temporal refine-
ment and frequency-aware attention fusion, achieving state-of-the-art performance on four
diverse datasets. Comprehensive benchmarking shows our model achieving top results
across all metrics: 88.94% Accuracy (RMSE: 0.169, R% 0.859) on EDEN, 86.47% Accuracy
(RMSE: 0.197, R% 0.829) on OpenEarthMap, 85.31% Accuracy (R% 0.793) on Cityscapes,
and 87.02% Accuracy (RMSE: 0.191) on iSAID. Compared to Informer, Autoformer, and
PatchTST, our method offers substantial improvements, including a 2.67% Accuracy gain
on Cityscapes and a 3.37% margin on OpenEarthMap. Ablation studies confirm the signifi-
cance of each architectural module, particularly the Conic Output Embeddings, which most
strongly reduce RMSE and improve R2 The model also exhibits excellent training stability,
with standard deviations under 0.02 across multiple runs. These results demonstrate the
framework’s effectiveness in capturing complex temporal dependencies and spatial hetero-
geneity, providing a strong foundation for future applications in environmental forecasting,
urban planning, and remote sensing analytics.

Limitations: Despite these contributions, the proposed approach has several limita-
tions. First, the reliance on high-resolution input data may restrict applicability in regions
with sparse or low-quality observations. Second, the model’s computational cost, particu-
larly during training, may limit deployment on resource-constrained systems. Third, while
the framework achieves strong generalization across multiple datasets, its performance
under extreme data scarcity or severe domain shifts remains to be fully explored. Finally,
the architecture has not yet been evaluated in fully real-time or streaming contexts, which
are critical for certain operational use cases.

Future Work: Building on these findings, we plan to advance the framework in several
concrete directions. First, the model will be deployed in real-world settings for operational
environmental monitoring and large-scale urban analysis, validating its robustness under
dynamic and noisy conditions. Second, the architecture will be integrated with Geographic
Information System (GIS) platforms to enable interactive spatial querying, multi-layer
geospatial analysis, and seamless compatibility with existing workflows. Third, the frame-
work will be adapted for policy-making tools, where predictive outputs can directly inform
decision-making in urban planning, agricultural resource allocation, and climate adap-
tation strategies. Finally, the model will be extended for cross-domain generalization to
other high-dimensional spatio-temporal challenges, such as disaster risk prediction and
biodiversity monitoring. These directions aim to bridge the gap between research and
practice, ensuring that the proposed architecture delivers both academic value and tangible
societal and environmental benefits.
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