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Abstract: Effective ocean and coastal management increasingly relies on timely, reliable, and 10 

interpretable information derived from large volumes of visual data collected by satellites, 11 

Unmanned Aerial Vehicles (UAVs), and shipborne sensing systems. Such data underpin a wide 12 

range of management and governance functions, including environmental monitoring, maritime 13 

surveillance, port operations, and coastal planning. However, the operational use of automated 14 

image classification in marine and coastal contexts remains constrained by complex visual 15 

conditions and the persistent scarcity of labelled data, limiting its integration into routine 16 

decision-support workflows. This study develops a hybrid sparse-semantic image classification 17 

framework designed to enhance the robustness and applicability of marine and coastal image 18 

understanding in management-oriented settings. The framework integrates structured local 19 

representations, which capture geometric and spatial characteristics of marine scenes through a 20 

sparsity-driven encoding strategy with locality, non-negativity, and semantic consistency 21 

constraints, with global semantic features learned via self-supervised Vision Transformers 22 

(ViTs). Specifically, semantic information extracted from the Classification (CLS) token of a 23 

pretrained self-Distillation with No Labels (DINO) model is fused with sparse local descriptors 24 

to form interpretable and discriminative image representations that remain effective under 25 

limited labelled data conditions. Experiments conducted on four public benchmark datasets and 26 

three maritime image datasets demonstrate consistent performance improvements over 27 

representative state-of-the-art approaches. Beyond classification accuracy, the proposed 28 

framework provides a transferable and expandable analytical tool to support marine 29 

environmental monitoring, maritime traffic surveillance, and coastal management practices by 30 

enhancing upstream image interpretation within monitoring and decision-support workflows in 31 

data-constrained marine and coastal contexts. 32 

Keywords: Marine and coastal management; Image classification; Self-supervised learning; 33 

Maritime surveillance; Decision support 34 

1. Introduction  35 

Effective ocean and coastal management increasingly depends on timely, reliable, and 36 

actionable information to support planning, regulation, and decision-support workflows across 37 

complex marine and coastal systems. Advances in Earth observation technologies, Unmanned 38 

Aerial Vehicles (UAVs), autonomous platforms, and shipborne sensing systems have led to a 39 

rapid expansion in the availability of visual data covering marine environments, coastal zones, 40 

and maritime activities. These data streams play a central role in management-oriented 41 
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applications such as marine environmental monitoring (Galgani et al., 2024; Ghaban et al., 2025; 1 

Puskic et al., 2026), maritime traffic surveillance (Dong et al., 2024; Teixeira et al., 2025; Yang 2 

et al., 2024), port and terminal operations management (Abu Bakar et al., 2025; He et al., 2025; 3 

Yorulmaz and Susoy, 2025), habitat assessment and conservation planning (Agrillo et al., 2025; 4 

Wang et al., 2025; Xiao et al., 2025), and maritime safety and security governance (Adetunji et 5 

al., 2025; Wang et al., 2024). While the volume and diversity of marine and coastal imagery 6 

continue to grow, transforming these data into management-relevant knowledge remains a 7 

persistent challenge, particularly in large-scale and heterogeneous operational contexts. 8 

Recent studies have increasingly addopted data-driven approaches to support maritime and 9 

coastal management. For instance, predictive modelling has been applied to forecast shipping-10 

related emissions and identify key driving factors, thereby informing policy development and 11 

operational decision-making within the shipping sector (Xu et al., 2025c). In parallel, 12 

optimisation-based methods have been used to analyse trade-offs in infrastructure planning and 13 

regulatory design, including shore-to-ship electricity deployment and port competition 14 

strategies (Xu et al., 2025a). Additional research has investigated the low-carbon efficiency of 15 

ship-port systems (Zhang et al., 2025) and assessed the environmental impacts of fuel policies 16 

(J. Shi et al., 2025), highlighting the need for robust monitoring and evaluation frameworks to 17 

support evidence-based governance. Furthermore, large-scale initiatives such as the Maritime 18 

Silk Road underscore the increasing complexity of cross-regional carbon management and 19 

policy coordination (Xu et al., 2025b). Collectively, these studies reveal an increasing demand 20 

for robust, data-driven analytical tools capable of supporting decision-relevant processes in 21 

complex and data-constrained marine and coastal environments. 22 

Image classification constitutes a foundational analytical component in many marine and 23 

coastal monitoring pipelines, enabling raw visual data to be translated into semantically 24 

meaningful categories that can inform downstream decision-support systems, regulatory 25 

oversight, and management interventions (Rangel-Buitrago et al., 2026; Vehmaa et al., 2024; 26 

Yang et al., 2021). However, compared with terrestrial environments, marine and maritime 27 

imagery is typically acquired under highly variable and adverse conditions, including complex 28 

illumination, strong reflections, low contrast, scale variability, background clutter, and partial 29 

occlusion. These characteristics substantially increase the difficulty of extracting reliable and 30 

discriminative image representations, often leading to degraded classification performance 31 

when methods are deployed in real-world marine and coastal settings. 32 

In parallel, labelled marine imagery remains scarce, expensive to obtain, and unevenly 33 

distributed across application domains, posing a major constraint for the adoption of supervised 34 

data-driven approaches in routine management and governance processes. 35 

From a methodological perspective, sparse coding-based image classification techniques 36 

have been widely explored due to their robustness, interpretability, and ability to capture local 37 

geometric and structural characteristics of visual scenes (Cao et al., 2024; Cheng et al., 2023; 38 

Shu, 2026). By representing visual patterns as sparse combinations of dictionary atoms, sparse 39 

coding can effectively capture local geometric and structural characteristics while suppressing 40 
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redundant information. When combined with handcrafted local descriptors such as the Scale-1 

Invariant Feature Transform (SIFT) (Lowe, 2004), sparse coding has demonstrated resilience 2 

to scale and illumination variations, making it attractive for complex visual environments, 3 

including marine scenes. Nevertheless, such approaches mainly rely on low-level handcrafted 4 

features and have limited capability to capture high-level semantic information, which is 5 

increasingly important for distinguishing visually similar marine categories. 6 

More recently, self-supervised deep learning models, particularly Vision Transformers (ViTs) 7 

(Dosovitskiy et al., 2021), trained using frameworks such as self-Distillation with No Labels 8 

(DINO) (Caron et al., 2021), have shown strong capability in learning transferable global 9 

semantic representations without requiring large quantities of labelled data. The Classification 10 

(CLS) token produced by a pretrained DINO model encodes holistic image-level semantics and 11 

has demonstrated strong generalisation across diverse visual recognition tasks. This property is 12 

especially appealing for marine and coastal applications, where annotated datasets are often 13 

limited. However, deep semantic features alone typically lack explicit modelling of local 14 

geometric structures and offer limited interpretability, which may reduce robustness and 15 

transparency in challenging visual conditions. 16 

These observations highlight the need for image representation frameworks that can 17 

simultaneously preserve local geometric structure, capture global semantic meaning, and 18 

remain robust and interpretable under limited labelled data conditions. Such frameworks are 19 

particularly important for marine and coastal management, where analytical outputs must 20 

support operational decision making, risk assessment, and governance processes across diverse 21 

environmental and institutional contexts. Sparse coding and self-supervised ViT models offer 22 

complementary strengths: sparse coding provides structured and interpretable local 23 

representations, while ViTs deliver powerful global semantic understanding. Leveraging this 24 

complementarity, this study proposes a hybrid sparse-semantic image classification framework 25 

tailored to the analytical needs of marine and coastal monitoring and management. 26 

Within the proposed framework, local SIFT descriptors are encoded using a Histogram 27 

intersection and Semantic information-based Locality Non-negative Laplacian Sparse Coding 28 

(HS-LNLSC) scheme to preserve neighbourhood similarity, non-negativity, and structural 29 

consistency. In parallel, global semantic representations are extracted from the CLS token of a 30 

pretrained DINO ViT. The two complementary feature types are fused at the feature level to 31 

construct discriminative image descriptors, which are subsequently classified using a linear 32 

multi-class Support Vector Machine (SVM). By combining structured local representations 33 

with deep semantic features, the proposed approach enhances robustness, interpretability, and 34 

classification performance in complex marine and maritime scenarios. 35 

The HS-LNLSC-DINO framework generates robust and discriminative image-level 36 

representations by integrating structured local sparse features with self-supervised global 37 

semantic features. This combination enables the simultaneous encoding of fine-grained spatial 38 

characteristics, such as vessel contours and coastline geometries, and higher-level contextual 39 

information, including scene categories and environmental conditions. As such, the framework 40 
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provides a strong analytical basis for applications in marine environmental monitoring, vessel 1 

traffic analysis, and coastal infrastructure assessment. 2 

It should be noted, however, that the present study evaluates performance at the image-3 

classification level. The extent to which these representations can be translated into actionable 4 

insights for downstream applications, such as risk prioritisation or policy evaluation, has not 5 

been empirically examined and remains an important direction for future work. Accordingly, 6 

the proposed framework is positioned as an analytical module within broader monitoring and 7 

decision-support workflows, rather than as a standalone decision-making tool. Its primary 8 

contribution is to improve the reliability and interpretability of upstream image analysis, 9 

thereby enhancing the quality of information available to monitoring systems. Issues related to 10 

domain adaptation and deployment in operational settings are beyond the scope of this study. 11 

The main contributions of this study are summarised as follows: 12 

(1) A hybrid sparse-semantic image classification framework is developed to support robust 13 

marine and coastal image analysis under complex visual conditions and limited labelled data 14 

constraints relevant to management practice. 15 

(2) A structured local feature encoding strategy is designed to preserve geometric and spatial 16 

characteristics of marine scenes through locality, non-negativity, and semantic consistency 17 

constraints. 18 

(3) Self-supervised Vision Transformer features are integrated to enhance global semantic 19 

understanding and cross-domain generalisation in data-scarce marine and coastal monitoring 20 

contexts. 21 

(4) Extensive experiments on four public benchmark datasets and three maritime image 22 

datasets demonstrate consistent performance improvements over representative state-of-the-art 23 

methods, highlighting the potential of the proposed framework as a transferable analytical tool 24 

for marine environmental monitoring, maritime surveillance, and coastal management 25 

applications. 26 

The HS-LNLSC-DINO framework contributes a robust and interpretable approach to image-27 

based analysis in marine and coastal contexts. By strengthening information extraction under 28 

low-sample and visually complex conditions, it enhances the quality of data inputs for 29 

monitoring and assessment processes, thereby supporting indirectly decision-relevant 30 

workflows without explicitly performing policy or operational decision-making. 31 

The remainder of this paper is organised as follows. Section 2 reviews related literature. 32 

Section 3 details the proposed framework. Section 4 presents experimental results. Section 5 33 

discusses management implications and practical considerations for integrating the proposed 34 

framework into marine and coastal monitoring workflows. Section 6 concludes the paper and 35 

discusses future research directions. 36 

2. Literature review 37 

The automated interpretation of marine and coastal imagery has become an increasingly 38 

important analytical component of ocean and coastal management systems, supporting 39 

environmental monitoring, maritime surveillance, port operations, and coastal governance. 40 
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Visual data collected from satellites, UAVs, and shipborne sensing platforms are now routinely 1 

used to inform situational awareness, risk assessment, and decision-support workflows across 2 

marine and coastal domains. Image classification plays a central role in these workflows by 3 

transforming large volumes of heterogeneous visual data into semantically meaningful 4 

categories that can be integrated into monitoring dashboards, early-warning systems, and 5 

management decision-support tools. 6 

Existing research on image classification for complex natural environments can be broadly 7 

organised into three interrelated methodological streams that are particularly relevant to marine 8 

and coastal applications: (i) structured local representation learning based on sparse coding, (ii) 9 

semantic-aware and joint representation-classification models, and (iii) deep and self-10 

supervised representation learning. 11 

This section reviews representative studies within each stream and critically examines their 12 

strengths and limitations from the perspective of robustness, interpretability, and applicability 13 

to marine and coastal monitoring and management. 14 

2.1. Sparse coding and structured local representations 15 

Sparse coding has been widely investigated for image classification due to its ability to model 16 

local structural characteristics and produce interpretable representations (Cao et al., 2024; 17 

Cheng et al., 2023; Shu, 2026). By expressing visual features as sparse linear combinations of 18 

dictionary atoms, sparse coding highlights salient local patterns while suppressing redundancy, 19 

which is advantageous for scenes with cluttered backgrounds and variable appearance. To 20 

enhance descriptive capability, Yang et al. incorporated Spatial Pyramid Matching (SPM) into 21 

Sparse Coding (SCSPM), enabling multi-scale spatial layout modelling (Yang et al., 2009). 22 

Related spatially aware extensions have also demonstrated effectiveness in capturing spatial 23 

context for image categorisation (Lazebnik et al., 2006; Perronnin et al., 2010). 24 

However, conventional sparse coding often suffers from encoding instability, whereby 25 

visually similar local features may be assigned to different codewords, leading to inconsistent 26 

representations. To address this issue, Gao et al. introduced Laplacian Sparse Coding (LSC), 27 

which incorporates Laplacian regularisation to encourage similar local descriptors to have 28 

similar codes (Gao et al., 2010). Wang et al. proposed Locality-constrained Linear Coding 29 

(LLC), enforcing locality constraints so that nearby descriptors contribute more strongly to 30 

reconstruction (Wang et al., 2010). Min et al. further integrated Laplacian regularisation into 31 

LLC to strengthen neighbourhood uniformity (Min et al., 2016). Subsequent studies explored 32 

adaptive neighbourhood selection and manifold-preserving constraints to further improve 33 

locality-aware coding (Lin et al., 2011; Mairal et al., 2008). 34 

Non-negativity constraints have also been introduced to enhance stability and interpretability. 35 

Lee and Seung proposed  Matrix Factorization (NMF) to learn part-based representations (Lee 36 

and Seung, 1999), followed by extensions such as Robust NMF (RNMF) (Zhang et al., 2011). 37 

Hoyer integrated NMF with sparse coding principles to derive non-negative sparse coding 38 

(Hoyer, 2002), while Cai et al. introduced graph-constrained NMF to preserve intrinsic data 39 

structures (Cai et al., 2011). Han et al. proposed Non-negative Laplacian Sparse Coding (Lap-40 
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NMF-SPM), integrating Laplacian regularisation, NMF, and sparse coding to maintain 1 

dependencies among local features (Han et al., 2015). 2 

Most of these methods rely on Euclidean distance to measure feature similarity, which is not 3 

always suitable for histogram-based descriptors. To overcome this limitation, Wu et al. 4 

proposed the Histogram Intersection Kernel (HIK) as a more appropriate similarity measure 5 

(Wu and Rehg, 2009), which has been shown to be effective for distribution-based features 6 

(Vedaldi and Zisserman, 2012). Chen et al. incorporated the intersection of histograms into LLC 7 

for improved environmental categorisation (Chen et al., 2018), while Wan et al. developed 8 

Elastic-net and Histogram intersection-based Non-negative Local Sparse Coding (EH-NLSC), 9 

jointly modelling sparsity, locality, and non-negativity (Wan et al., 2019). 10 

These structured local representation methods are attractive for marine imagery because they 11 

preserve fine-grained geometric patterns that are important for recognising vessels, coastlines, 12 

and sea-surface structures. Nevertheless, they mainly rely on handcrafted descriptors and have 13 

limited capability to capture high-level semantic information. 14 

2.2. Semantic-aware and joint representation-classification models 15 

Traditional image classification pipelines usually treat feature encoding and classifier 16 

learning as separate stages, which may result in semantic information loss. To address this 17 

limitation, semantic representation learning has been introduced into image representation 18 

frameworks (Zhang et al., 2013). From a generative perspective, Rasiwasia et al. formulated 19 

compact semantic spaces based on Gaussian mixture modelling for Scene categorization and 20 

retrieval (Rasiwasia and Vasconcelos, 2008a, 2008b). Discriminative approaches incorporate 21 

semantic cues more explicitly. Zhang et al. proposed a joint image representation and 22 

classification framework by integrating sparse coding with a Random Semantic Space (RSS) 23 

(Zhang et al., 2015). Shen et al. combined Global visual features and associated label semantics 24 

within a unified segmentation and classification framework (Shen and Zeng, 2019). Additional 25 

studies have explored semantic-aware sparse and joint representation-classification models to 26 

improve discriminative power (Ruan et al., 2025; Xie et al., 2025). 27 

Moreover, semantic-aware and joint representation-classification models have attracted 28 

increasing attention in the maritime and marine engineering domain, where visual data are 29 

typically affected by complex backgrounds, dynamic illumination conditions, and a scarcity of 30 

annotated samples. By jointly learning visual representations and high-level semantic 31 

information, these approaches mitigate semantic ambiguity and enhance feature 32 

discriminability, thereby improving robustness in challenging marine environments. 33 

Consequently, semantic-aware modelling strategies have demonstrated promising performance 34 

in a variety of maritime vision tasks, including maritime object recognition, ship detection, and 35 

coastal scene understanding. In particular, incorporating contextual and semantic information 36 

into feature learning has been shown to significantly improve the interpretation of marine and 37 

coastal imagery under adverse sea-surface and atmospheric conditions (Kanjir et al., 2018; Yang 38 

et al., 2025). 39 
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Although these approaches partially bridge the gap between low-level features and semantic 1 

categories, they remain largely dependent on handcrafted descriptors and local modelling 2 

strategies, which limit their ability to capture complex, high-level semantics commonly 3 

encountered in marine and coastal imagery. To address these limitations, the proposed HS-4 

LNLSC formulation explicitly integrates locality, non-negativity, and semantic consistency 5 

constraints within a unified optimisation framework. These constraints are designed to preserve 6 

neighbourhood structure, ensure physically meaningful non-negative representations, and 7 

enforce consistency across semantically related local patches. Specifically, the locality 8 

constraint encourages similar local descriptors to be represented using nearby dictionary atoms, 9 

thereby preserving intrinsic geometric relationships. The non-negativity constraint enhances 10 

interpretability by ensuring additive and physically meaningful feature contributions. In 11 

addition, the semantic consistency constraint promotes coherence among local features 12 

belonging to similar semantic regions, improving discriminative capability under complex 13 

visual conditions. 14 

Compared with conventional sparse coding variants, the proposed HS-LNLSC method 15 

provides more stable and interpretable local feature representations, particularly in low-sample 16 

and visually complex maritime scenarios. By jointly preserving geometric structure and 17 

incorporating semantic consistency, the method improves discriminability in challenging 18 

conditions such as low contrast, background clutter, and small target objects, which are 19 

commonly encountered in marine and coastal imagery. 20 

2.3. Deep and self-supervised representation learning for marine imagery 21 

Deep learning has substantially advanced image representation learning, particularly through 22 

Convolutional Neural Networks (CNNs) (Krizhevsky et al., 2012; Simonyan and Zisserman, 23 

2015; Smirnov et al., 2014), recurrent architectures such as LSTM (Graves, 2012), and 24 

Transformer-based models (Vaswani et al., 2017). ViTs model images as sequences of patches 25 

and have demonstrated strong performance in image classification (Dosovitskiy et al., 2021), 26 

with subsequent works improving data efficiency and architectural design (Liu et al., 2021; 27 

Touvron et al., 2021). 28 

Self-supervised learning approaches, such as DINO, further enhance ViT by enabling robust 29 

representation learning without large labelled datasets (Caron et al., 2021). The CLS token 30 

produced by pretrained DINO models encodes global semantic information and shows strong 31 

transferability, making such models attractive for marine and coastal applications where 32 

labelled data are scarce. 33 

However, ViT-based representations primarily focus on global semantic modelling and 34 

typically lack explicit mechanisms for preserving local geometric structures. Consequently, 35 

they are often treated as black-box features with limited interpretability and may exhibit 36 

reduced robustness in visually complex environments. 37 

Recent marine remote sensing studies highlight these challenges. Bakirci et al. conducted an 38 

extensive review of deep learning-based approaches for satellite-driven ship detection and 39 

ocean monitoring, noting that background clutter and scale variation remain major sources of 40 
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error (Bakirci, 2025). Wang et al. proposed Ship-YOLO for ship detection in remote sensing 1 

imagery, demonstrating improvements for small targets and complex backgrounds, yet still 2 

relying on deep features alone(W. Shi et al., 2025). Beyond ship detection, deep learning-based 3 

visual analysis methods have been increasingly applied to a wide range of maritime tasks, 4 

including mooring line monitoring and oil spill detection. For instance, Khatri et al. proposed 5 

an optimised Faster R-CNN framework for mooring line detection in marine images. By 6 

refining the feature extraction strategy of ResNet-50 and reallocating high-level features to the 7 

region proposal and classification stages, the method improves localisation accuracy and 8 

robustness in complex marine scenes (Khatri et al., 2026). To address the inefficiency and 9 

limited accuracy of traditional manual inspection and radar-based approaches for oil spill 10 

detection, He et al. proposed a YOLOv12-based framework for accurate oil spill detection and 11 

boundary delineation in UAV imagery. By constructing a diverse remote sensing dataset and 12 

incorporating high-resolution inputs, pretrained initialisation, and cosine annealing 13 

optimisation, the proposed method significantly enhances detection accuracy and robustness in 14 

complex marine environments, supporting timely ecological risk assessment and response (He 15 

et al., 2026). These studies indicate that while deep learning offers strong semantic modelling 16 

capability, complementary local structural modelling remains important for robust marine 17 

image understanding. 18 

According to the above discussion, the referenced studies primarily focus on four commonly 19 

adopted approaches, denoted as SCSPM, LSC, ViT, and DINO. For a clearer comparison, Table 20 

1 summarises the advantages, disadvantages, and application scenarios of these four methods. 21 

Based on Table 1, existing approaches can be broadly categorised into traditional sparse 22 

coding methods and deep learning-based models. Sparse coding techniques, such as SCSPM 23 

and LSC, emphasise local geometric structure through sparsity constraints, offering strong 24 

noise robustness and interpretability, but often suffer from high computational cost and 25 

sensitivity to parameter tuning, which limits scalability. In contrast, deep learning-based models, 26 

including ViT and DINO, excel at learning global semantic representations and long-range 27 

dependencies, particularly under self-supervised settings, albeit at the expense of substantial 28 

data and computational requirements. The complementary characteristics highlighted in Table 29 

1 suggest that integrating sparse coding with deep semantic learning has the potential to yield 30 

more robust and efficient image representation frameworks. 31 

Table 1. Comparative analysis of four methods. 32 

Methods Advantages Disadvantages Applications 

SCSPM 

(1) Efficient and compact 

feature encoding; 

(2) Feature selection and 

dimensionality reduction; 

(3) Robustness to noise and 

redundant data; 

(4) Nonlinear mapping. 

(1) Higher computational 

complexity; 

(2) Sensitivity to parameters; 

(3) Risk of overfitting. 

(1) Image processing: Image 

compression, denoising, and 

feature extraction; 

(2) Signal processing; 

(3) Machine learning; 

(4) Neuroscience. 

LSC 

(1) Preservation of local 

structural information; 

(2) Enforcement of data non-

negativity; 

(1) Higher computational 

complexity; 

(2) Dependency on 

parameters. 

(1) Image compression, 

denoising, and feature 

representation; 

(2) Signal processing; 
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(3) Addressing the instability of 

encoding. 

(3) Bioinformatics. 

ViT 

(1) Strong capability to capture 

long-range dependencies in 

images; 

(2) Flexibility to handle images 

of varying sizes with patch 

embeddings; 

(3) High performance on large-

scale image classification tasks. 

 

(1) High dependence on large-

scale training data for optimal 

performance; 

(2) High computational and 

memory costs compared to 

CNNs; 

(3) Less effective on small 

datasets without pretraining. 

(1) Image classification and 

recognition; 

(2) Object detection and 

segmentation; 

(3) Medical image analysis 

and remote sensing. 

DINO 

(1) Self-supervised learning: 

does not require labelled data; 

(2) Generation of high-quality 

visual representations suitable 

for downstream tasks; 

(3) Robust to data 

augmentations and variations. 

(1) Training can be unstable 

without careful 

hyperparameter tuning; 

(2) Sensitive to batch size and 

learning rate schedules; 

(3) High computational 

resource requirement for 

large-scale training. 

(1) Unsupervised feature 

learning for image 

classification; 

(2) Object detection and 

segmentation pretraining; 

(3) Image retrieval and 

clustering. 

2.4. Research gaps 1 

Despite substantial progress, several critical gaps remain in the context of marine and coastal 2 

image classification: 3 

(1) Limited incorporation of robust similarity measures and semantic cues within structured 4 

local encoding. 5 

Most sparse coding-based methods focus on locality, non-negativity, and manifold 6 

consistency but rely on Euclidean distance and perform encoding independently of semantic 7 

information. A unified structured local encoding framework that simultaneously integrates 8 

robust similarity measurement and semantic guidance remains underexplored. 9 

(2) Insufficient integration of structured local representations with deep semantic features. 10 

Existing approaches typically emphasise either handcrafted local modelling or deep semantic 11 

learning. Few studies provide principled integration of these two complementary paradigms 12 

within a unified framework. 13 

(3) Lack of feature-level fusion strategies that preserve both interpretability and semantic 14 

discrimination. 15 

Many hybrid methods adopt heuristic fusion schemes that do not explicitly balance fine-16 

grained local details and global semantic context, leading to suboptimal robustness and 17 

transparency. 18 

(4) Limited validation in complex marine and maritime scenarios. 19 

Most methods are evaluated primarily on generic benchmark datasets, with insufficient large-20 

scale validation on maritime imagery characterised by severe illumination changes, background 21 

clutter, and limited labelled data. 22 

In summary, these gaps motivate the development of a unified hybrid sparse-semantic image 23 

representation framework that combines structured local modelling and self-supervised deep 24 

semantic features to support robust marine and coastal image classification. The proposed HS-25 

LNLSC-DINO framework is designed to address these challenges in a complementary and 26 

application-oriented manner. 27 
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3. Methodology 1 

This section introduces the proposed hybrid sparse-semantic image classification framework, 2 

referred to as HS-LNLSC-DINO. The framework combines structured sparse representations 3 

with global semantic features extracted from DINO, with the goal of leveraging both local 4 

geometric structures and high-level semantic information for robust image classification. An 5 

overview of the framework is provided first, followed by detailed descriptions of each 6 

component. 7 

3.1. The proposed framework 8 

The proposed framework consists of five main stages, as illustrated in Fig. 1. First, local SIFT 9 

features are computed from each image to capture invariant local patterns. Second, these 10 

descriptors are encoded using Histogram Intersection-based Local Non-negative LSC (HI-11 

LNLSC) to generate discriminative image representations. Third, semantic information is 12 

incorporated into the HI-LNLSC framework to jointly model image representation and 13 

classification, resulting in the HS-LNLSC feature representation. Through these three steps, a 14 

structured sparse representation is obtained, preserving local geometric relationships. Fourth, 15 

global semantic features are extracted from the CLS token of a pretrained DINO model, 16 

providing image-level semantic representations learned in a self-supervised manner. 17 

Simultaneously, the sparse and semantic features are fused at the feature level to form the final 18 

feature representation. Finally, classification is performed using a linear multi-class SVM. 19 

 20 
Fig. 1. An overview of the HS-LNLSC-DINO framework. 21 

3.2. HS-LNLSC 22 

This subsection introduces the LNLSC approach, which extends the LSC model by jointly 23 

enforcing locality and non-negativity constraints. To further improve locality modelling, the 24 

distance metric of the optimisation framework is enhanced by integrating histogram intersection. 25 

Building on this formulation, the HS-LNLSC method is developed through combining image 26 

representation and classification to leverage semantic information. 27 
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In the first stage, the HI-LNLSC method is used to encode local image features, with Max 1 

Pooling (MP) applied to generate the initial image representations. In the second stage, a 2 

randomly sampled subset of these image representations is used to build the semantic space. A 3 

trained classifier then projects all training images into this space, producing the image feature 4 

representations that incorporate semantic information. 5 

By jointly incorporating locality and non-negativity constraints, histogram intersection-based 6 

similarity, and semantic information, this framework substantially improves the effectiveness 7 

of image representation and the overall classification performance of the HS-LNLSC method. 8 

3.2.1. HI-LNLSC-based image representation 9 

This section explains how the HI-LNLSC method generates the original image 10 

representations. It achieves this by embedding histogram intersection into the LNLSC 11 

optimisation framework, which redefines the similarity measure between feature vectors and 12 

dictionary atoms, thereby providing a more effective way to quantify their similarity. 13 

(1) Dictionary and corresponding coding training 14 

As a result of the prohibitive complexity of constructing local adaptors (Wang et al., 2010) 15 

and the Laplacian matrix for the entire set of local features, a subset of template features is 16 

randomly sampled and employed to train the dictionary and coding. The original formulation 17 

of the HI-LNLSC approach is described below. Let X represent the non-negative input feature 18 

matrix, while D and S denote the non-negative dictionary and the associated non-negative 19 

sparse representation, respectively, with the definitions of 
1 2[ , ,..., ] M N

NX x x x R    , 20 

1 2[ , ,..., ] M Q

QD d d d R   , 1 2[ , ,..., ] Q N

NV v v v R   . The optimisation problem is formulated by 21 

integrating locality and non-negativity constraints into the LSC framework as follows: 22 

2 2

2 2,
1

2

2

min ( ) ( )

. . ( )

1, 0, 0,

N
T

i i i i
D S

i

j d

j

x Ds b v tr VLV

s t sparseness d S

d D V j

 



  





   





 (1) 

where ,  and dS are predefined constant parameters. The sparseness measure is dS defined 23 

by jointly incorporating the 2l -norm and 1l -norm, as expressed below: 24 

1 2( )
1

j j

j

M d d
sparseness d

M





 (2) 

where M represents the dimension of jd , namely, 1M

jd R  . 25 

In the present work, the conventional Euclidean distance used in the LLC framework to 26 

evaluate the similarity between feature vectors and dictionary atoms is replaced by a histogram 27 

intersection-based similarity measure. Q

ib R  represents a local weighting operator, which is 28 

given by: 29 

1

( , )

( , ) [ ( , ),..., ( , )]

i i

T

i i i M

b dist x D

dist x D dist x d dist x d




 (3) 
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Here,  is a parameter that regulates the strength of weight regularisation, and ( , )i jdist x d1 

denotes the distance between ix   and jd  , evaluated based on histogram intersection. The 2 

computation can be expressed as: 3 

1

( , ) min( , )
Q

i j ik jk

k

dist x d x d


  (4) 

Here, Q denotes the histogram dimension, which corresponds to the number of dictionary 4 

atoms. Additionally, ikx and jkd  denote the k-th components of the feature vector ix  and the 5 

dictionary atom jd , respectively. 6 

To solve Eq. (1), an alternating optimisation strategy is adopted, in which D and V are 7 

iteratively updated by fixing one variable while optimising the other. First, with X and D held 8 

fixed, V is optimised. By applying the Method of Lagrange Multiplier (MLM) along with the 9 

Karush-Kuhn-Tucker (KKT) theorem, the corresponding update strategy for V is derived as 10 

follows: 11 

( )
,

( ( ) )

1,2,..., , 1,2,...,

T

ij

ij ij T

i ij

D X VW
v v

D DV VD diag g V

i M j N



 




 

  

 (5) 

where ( )idiag g  denotes a diagonal matrix whose diagonal entries are given by ig  , 12 

2 2 2

1 2[ , ,..., ]i i i iNg b b b   is an N-dimensional vector represented as a row vector, and 13 

2 2( ( , ))ij j ib dist x d  and 
1 2[ ( ), ( ),..., ( )]T

NV diag v diag v diag v  represent vectors of ones and 14 

zeros, respectively. 15 

Next, with X and V fixed, the optimisation is performed with respect to D. For this problem, 16 

the diagonal matrix    is derived by solving the corresponding Lagrange dual formulation 17 

using the conjugate gradient method. The result    is then substituted into the following 18 

expression to compute D: 19 
1( )( )T TD XV VV    (6) 

(2) HI-LNLSC based on new features 20 

A set of template features, X, is randomly selected in Section 3.2.1 (1) to train the matrices D 21 

and V. For an unseen local feature matrix Y, the learned matrices D and V are directly used for 22 

HI-LNLSC encoding, leading to the following optimisation formulation: 23 

22 2

2
min

2

. . 0, ,

j i jiF FV
ji

ij

Y DS b S s v w

s t s i j





   


  


 (7) 

Here, iv  denotes the i-th element of the column vector in V, and S denotes the sparse 24 

representation of the updated feature matrix Y. The similarity matrix W is constructed using a 25 

K-nearest neighbour strategy based on histogram intersection. If a template feature ix  is among 26 

the K-nearest neighbours of a new feature 
jy , then 

jiw  is set to 1; otherwise, it is set to 0. This 27 

similarity metric is consistent with Eq. (4). 28 

The update rule for S can be derived by applying the MLM and the KKT conditions, as 29 

outlined below. 30 
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( )

1
( ( ) )

2

T T

ij

ij ij
T

i ij

D X VW
s s

D DS SA diag g S



 




 

 
(8) 

where A is a diagonal matrix with jj jii
a w  as its diagonal elements, ( )idiag g  follows the 1 

definition provided in Eq. (5), and 
1 2[ ( ), ( ), , ( )]T

NS diag s diag s diag s   denotes a vector of 2 

ones. After training D and V on the template features, Eq. (8) is applied to encode new features 3 

using HI-LNLSC. 4 

To achieve feature fusion, the MP method is utilised in this paper. The detailed procedure is 5 

outlined below. 6 

1 2max{ , , , }, 1,2, ,l l l Nlf s s s l Q   (9) 

Here, the l-th component of the sparse representation Ns  is denoted by Nls  , and lf  7 

corresponds to the l-th component of the vector f. Consequently, each spatial pyramid region is 8 

represented by a Q-dimensional descriptor f, as defined by
1 2[ , , , ]T

Qf f f f . 9 

After computing the region-level representations, the SPM method is applied to derive the 10 

final image descriptor. 11 

3.2.2. Semantic information-based image representation 12 

To address the limitations of the HI-LNLSC method, specifically its relatively independent 13 

processing, as well as the semantic gap between visual features and human interpretation, the 14 

HS-LNLSC approach is introduced. This approach aims to effectively combine both visual cues 15 

and semantic information, thereby modelling interactions between semantic entities and their 16 

contextual surroundings. First, the HI-LNLSC approach is used to perform encoding of local 17 

image features, resulting in an initial image representation. Next, a semantic space is created to 18 

refine and derive the resulting visual representation. Ultimately, a SVM is utilised to categorise 19 

the images based on these semantic-aware representations. 20 

(1) Semantic space construction. 21 

The semantic space is formulated as a unified representation domain constructed from 22 

various visual representations, providing a basis for semantic modelling of images. Each 23 

semantic space is constructed via classifier training on a randomly sampled image subset. 24 

Let X denote the initial image feature representations of H training samples obtained utilising 25 

the HI-LNLSC approach, where the samples belong to E classes with corresponding labels 26 

denoted by z. A subset of P( P H ) images is randomly selected from these representations to 27 

build the semantic space, and the above procedure is iteratively performed R times. The 28 

resulting sets from each iteration are denoted as 29 

1,1 1,1 ,1 ,1 1, 1, , ,{( , ),...,( , )},...,{( , ),...,( , )}P P R R P R P Ru z u z u z u z  . For the r-th random selection30 

1, 1, , ,{( , ),...,( , )}r r P r P ru z u z , a SVM is employed to construct the corresponding semantic space, 31 

as follows: 32 
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, , ,( ) 1,2,..., 1,2,...,r p r p r r p r r

e e e ef z z w u b p P e E    ， ，  (10) 

An optimisation problem based on the hinge loss function is subsequently formulated as 1 

follows: 2 

2
, ,

1

min ( , )
r
e

P
r p r p r

e e
w

p

w p z z


   (11) 

Solving Eq. (11) yields the corresponding values of r

ew  and r

eb  . Each component of the 3 

resulting semantic space is associated with an individual classifier, which is trained using a 4 

randomly chosen subset of samples. Given E image classes, the resulting semantic space 5 

consists of E dimensions. 6 

(2) Image projection into semantic space. 7 

After training the SVM, all training images are projected into the constructed semantic space 8 

as follows: 9 

, 1 2( ( ); ( );...; ( )), 1,2,..., ; 1,2,...,ss r h r h r h

r k Eu f u f u f u r R h H    (12) 

Here, the superscript ‘ss’ is used to indicate the ‘semantic space’. 10 

(3) All semantic spaces concatenation. 11 

Once all spaces are constructed, all training images are mapped into each of the R learned 12 

spaces. The final image representation is then obtained by concatenating the corresponding 13 

feature vectors across these spaces, as follows: 14 

1, 2, ,( ; ;...; ), 1,2,...,ss ss ss ss

k h h R hu u u u h H   (13) 

Thus, the locally structured image representation is obtained via Eq. (13). 15 

3.3. HS-LNLSC-DINO 16 

While HS-LNLSC effectively captures local geometric structures and preserves 17 

discriminative local relationships through locality, non-negativity, and histogram intersection 18 

constraints, it primarily relies on handcrafted local descriptors and lacks explicit modelling of 19 

high-level semantic information. In contrast, DINO excels at learning rich global semantic 20 

representations but does not explicitly encode local geometric structures, often treating these 21 

features as black-box representations. Motivated by the complementary strengths of these two 22 

approaches, this section introduces a hybrid sparse-semantic image representation framework, 23 

termed HS-LNLSC-DINO, which integrates structured sparse coding with self-supervised 24 

semantic features. 25 

3.3.1. DINO feature extraction 26 

In parallel with local sparse encoding, global semantic features are extracted using DINO. 27 

Given the same input image, it is divided into fixed-size, non-overlapping patches, which are 28 

then processed by the Transformer encoder. Let Dino

CLSf R denote the output CLS token of 29 

DINO. This token encodes holistic, image-level semantic information learned through self-30 

distillation, without the need for labelled supervision, and has demonstrated strong 31 

transferability across various visual tasks. 32 
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Unlike local sparse features, CLSf  captures long-range contextual dependencies and high-1 

level semantics, making it particularly well-suited for complex marine and maritime scenes, 2 

where global context plays a crucial role. 3 

3.3.2. Sparse-semantic feature fusion 4 

To leverage the complementary strengths of structured sparse representations and deep 5 

semantic features, the HS-LNLSC and DINO features are fused at the feature level. The local 6 

structural features of the image, obtained through Eq. (13), are denoted by T

HS-LNLSCf , and the 7 

final image representation is constructed as follows: 8 
T

T T

HS-LNLSC CLS,f f f     (14) 

where  is a scaling factor that balances the contributions of the local sparse features and global 9 

semantic features. 10 

This fusion strategy preserves fine-grained local geometric details through HS-LNLSC, 11 

while simultaneously incorporating global semantic understanding via the DINO CLS token. 12 

As a result, the fused representation achieves enhanced robustness, improved discriminative 13 

capability, and better interpretability compared to purely sparse or purely deep representations. 14 

Finally, the fused feature vector f is fed into a multi-class linear SVM for classification. The 15 

use of a linear classifier further emphasises the discriminative power of the proposed 16 

representation without introducing additional model complexity. 17 

Rather than relying on simple feature concatenation, the proposed framework adopts a 18 

principled feature-level integration of structured local descriptors derived from HS-LNLSC and 19 

global semantic representations obtained from DINO CLS tokens. This hybrid design 20 

effectively combines fine-grained geometric information with high-level contextual semantics, 21 

thereby enhancing discriminative capability and robustness under data-limited conditions 22 

typical of maritime image analysis. By leveraging the complementary strengths of local and 23 

global representations, the framework achieves more reliable and interpretable classification 24 

performance than either component used in isolation. 25 

3.4. Algorithmic description 26 

Once the formulations of matrices D and V are established, the dictionary and corresponding 27 

sparse representations of the template features are obtained via a two-stage procedure. First, 28 

Algorithm 2 iteratively updates the diagonal matrix D associated with the Lagrange multipliers. 29 

Then, Algorithm 3 identifies the optimal approximation that enforces the desired sparsity, with 30 

D updated accordingly. The specific algorithmic procedure is provided in Appendix A and B. 31 

Algorithm 1 is then employed to learn both the dictionary for HS-LNLSC-DINO and its 32 

associated sparse codes. This algorithm iteratively updates both D and V until a predefined 33 

stopping criterion is reached. Notably, Algorithm 1 consolidates the operations of Algorithms 2 34 

and 3 in the Appendix. 35 

In conclusion, the overall procedure is summarised below. 36 

Algorithm 1 (HS-LNLSC-DINO) 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



 

16 
 

Input: Non-negative feature matrix X; Initial dictionary D; Initial sparse coding V; Laplacian matrix L; 

Parameters  ,  ,  , dS ; Training samplesH; Training times R. 

Output: Updated dictionary D; Sparse coding V; Category annotations. 

Step 1. Initialise the variables X and V, namely, / max( (:))X X X , 
1

/V V V . 

Step 2. Convergence Check: While convergence criteria are not met, repeat the following steps: 

Step 3. Update sparse coding V with Eq. (5). 

Step 4. Normalise the dictionary D and sparse coding V, namely, /ij ij iji
d d v  , /ij ij iji

v v v  . 

Step 5. Update Lagrange dual matrix  according to Algorithm 2. 

Step 6. Each column vector of matrix D is projected individually according to Algorithm 3 to acquire 

the updated values. Let *D represent the optimal dictionary and V represent the corresponding sparse 

coding. 

Step 7. Check the convergence condition for Step 8 in Algorithm 2. 

Step 8. If the convergence condition is satisfied, proceed to the next step. 

Step 9. If not, return to Step 3 and repeat the process. 

Step 10. Post-Processing: After updating D and V, the sparse codes S for the new features are computed 

using Eq. (8). 

Step 11. Apply SPM via Eq. (9) to implement MP for the encoded features and acquire the initial image 

representation. 

Step 12. Semantic Space Construction: Eq. (10) is employed to build the semantic space, after which 
r

ew  and
r

eb are obtained using Eq. (11). 

Step 13. All images in the training set are embedded within the semantic space in accordance with Eq. 

(12). 

Step 14. Integrate all semantic spaces to form the final image representation using Eq. (13). 

Step 15. Fuse the HS-LNLSC and DINO features to obtain HS-LNLSC-DINO features according to Eq. 

(14). 

Step 16. Implement a SVM to categorise the image based on its semantic representation. 

4. Experiments 1 

The section evaluates the proposed hybrid sparse-semantic framework in terms of accuracy, 2 

robustness, and practical suitability for marine and coastal monitoring tasks. The experiments 3 

are organised as follows. Section 4.1 introduces the datasets and implementation settings, with 4 

particular attention to the characteristics that reflect operational marine imaging conditions (e.g., 5 

clutter, scale variation, and limited labelled data). Section 4.2 presents ablation studies to 6 

quantify the contribution of each component and to examine design choices relevant to 7 

deployment (feature selection, Transformer layer depth, and training data availability). Section 8 

4.3 benchmarks the proposed approach against representative methods to assess its 9 

competitiveness under standard evaluation protocols. Section 4.4 investigates generalisation 10 

and stability to evaluate reliability under repeated sampling and across diverse datasets. Section 11 

4.5 presents a discussion of the computational complexity of the proposed algorithm. 12 

4.1. Datasets and experimental settings 13 

4.1.1. Datasets description 14 

To evaluate performance across both general-purpose and domain-specific conditions, 15 

experiments are conducted on four widely used benchmark datasets (Corel-10, Scene-15, 16 

Caltech-101, and Caltech-256) and three maritime image datasets representing realistic marine 17 

visual complexity. Table 2 summarises the benchmark datasets, and Fig. 2 provides example 18 

images from Corel-10. These benchmark datasets are included to ensure comparability with 19 

established baselines and to verify that the proposed framework is not domain-specific. 20 
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For marine and coastal relevance, three maritime datasets are considered: Open Seaship, 1 

Seaship-trimming, and SMD-trimming. The Open Seaship dataset comprises 31,455 images 2 

across seven common ship categories (passenger ships, mixed types, container ships, bulk 3 

carriers, ore carriers, general cargo ships, and fishing vessels), as summarised in Table 3. In 4 

addition, the Seaship dataset represents the complete collection of maritime images, whereas 5 

Seaship-trimming refers to a pre-processed subset specifically employed for ablation studies or 6 

small-sample experiments. This distinction has been applied consistently throughout the 7 

manuscript to ensure clarity and avoid potential confusion. The Singapore Maritime Dataset 8 

(SMD) includes imagery captured in diverse operational settings (on-board, near-infrared, and 9 

on-shore) with substantial variability in background, illumination, and target scale, as 10 

summarised in Table 4. Since the original SMD was designed for detection rather than 11 

classification, experiments employ the SMD-trimming dataset to enable controlled evaluation 12 

within an image classification pipeline. Example images from Seaship are shown in Fig. 3. 13 

Overall, the selected maritime datasets reflect key challenges encountered in practice, 14 

including background interference, small targets, viewpoint changes, and limited labelled 15 

samples, conditions that directly affect the reliability of monitoring outputs in marine and 16 

coastal management settings. 17 

Table 2. Four benchmark image datasets. 18 

Datasets Classes Images Per Class Total Images 

Corel-10 10 100 1000 

Scene-15 15 200~400 4485 

Caltech-101 101 31~800 9144 

Caltech-256 256 80  29,780 

19 
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 1 

Fig. 2. Sample images from the Corel-10 dataset. 2 
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 1 
Fig. 3. Some pictures of the Seaship. 2 

Table 3. The Seaship dataset. 3 

Ship Class Images Percentage 

Passenger ship 3171 0.1008 

Mixed type 3440 0.1094 

Container ship 3657 0.1163 

Bulk cargo carrier 5067 0.1610 
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Ore carrier 5126 0.1630 

General cargo ship 5342 0.1698 

Fishing boat 5652 0.1797 

Total 31455 1 

Table 4. The SMD dataset. 1 

Subdataset Videos (Annotated) Labelled Frames Number of Labels 

VIS on-board 11 (4) 2400 3173 

NIR 30 (23) 11,286 83,174 

VIS on-shore 40 (36) 17,967 154,495 

Total 81 (63) 31,653 240,842 
 2 

4.1.2. Experimental settings 3 

The experimental pipeline follows a hybrid representation strategy combining structured 4 

local encoding and self-supervised global semantic representations. 5 

Structured local feature extraction and coding. Dense SIFT descriptors are extracted using a 6 

sliding window (step size: 8 pixels) with a fixed window size. Each local descriptor has 7 

dimensionality 128. A dictionary of size 1024 is learned for encoding. To clarify the selection 8 

of key parameters in the HS-LNLSC-DINO framework, we provide the following rationale. 9 

The locality regularisation parameter (   ), Laplacian smoothness (   ), and histogram 10 

intersection weight ( )were determined through a combination of empirical stability analysis 11 

across multiple datasets and guidance from previous studies (Han et al., 2015; Wang et al., 12 

2010). Preliminary experiments demonstrated that the model’s performance is relatively 13 

insensitive to small variations around these values, indicating that the chosen default settings 14 

achieve consistent and robust performance without the need for dataset-specific tuning. The 15 

fusion parameter  , which governs the relative contribution of local and global features, was 16 

set to 0.4 to ensure a stable and balanced integration of HS-LNLSC and DINO representations. 17 

Similarly, the sparsity parameter dS  was set to 0.4, providing sufficiently discriminative sparse 18 

coding while preventing excessively sparse representations that could compromise model 19 

performance. 20 

Semantic space construction. A semantic space is constructed using a fixed proportion of 21 

images (P=0.3H) and repeated sampling (R=30) to reduce sensitivity to data selection and to 22 

improve robustness. 23 

DINO feature extraction. Images are resized to a fixed resolution prior to feeding into a 24 

pretrained DINO ViT with patch size 16. The network weights are frozen during feature 25 

extraction to reduce overfitting risk, which is particularly relevant for operational marine 26 

datasets where labelled data may be limited. The CLS token is used as the global semantic 27 

representation. Key configurations are summarised in Table 5. 28 

Classification and evaluation. For all experiments, classification is performed using a multi-29 

class linear SVM to ensure consistent evaluation and to isolate the effect of representation 30 

learning from classifier complexity. Unless otherwise specified, accuracy is reported as mean 31 

± standard deviation across repeated runs. 32 
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To evaluate model performance under realistic operational constraints, training protocols 1 

with varying numbers of samples per class (50, 100, 150, 200, and 250) are adopted, simulating 2 

low-data conditions common in maritime monitoring scenarios. The rationale for these choices 3 

is explicitly described to clarify that the protocols are designed to assess robustness under 4 

limited labelled data rather than arbitrary selection. 5 

Table 5. Parameter settings used in each stage of the experiment. 6 

Image 

Datasets 
Corel-10 Scene-15 

Caltech-

101 

Caltech-

256 
Seaship 

Seaship-

trimming 

SMD-

trimming 

The SIFT feature extraction stage 

Approaches SIFT SIFT SIFT SIFT SIFT SIFT SIFT 

Step size 8 8 8 8 8 8 8 

Window 

size 
16 16  16 16  16 16  16 16  16 16  16 16  16 16  

The HS-LNLSC stage 

Dictionary 

size 
1024 1024 1024 1024 1024 1024 1024 

  0.4 0.4 0.4 0.4 0.4 0.4 0.4 

  0.2 0.2 0.2 0.2 0.2 0.2 0.2 

  100 100 100 100 100 100 100 

Sparseness 

dS  
0.4 0.4 0.4 0.4 0.4 0.4 0.4 

The construction of the semantic space stage 

The 

number of 

images 

utilised to 

form the 

semantic 

space (P) 

0.3H 0.3H 0.3H 0.3H 0.3H 0.3H 0.3H 

The times 

of 

repetition 

selected (R) 

30 30 30 30 30 30 30 

The DINO feature extraction stage  

The size of 

the input 

image 

320 320  320 320  320 320  320 320  320 320  320 320  320 320  

Patch size 16 16  16 16  16 16  16 16  16 16  16 16  16 16  

  0.4 0.4 0.4 0.4 0.4 0.4 0.4 

4.2. Ablation studies 7 

To identify the components that most critically influence performance under realistic marine 8 

imaging conditions, a comprehensive set of ablation studies is conducted from three 9 

complementary perspectives: (i) feature source and fusion strategy, (ii) the choice of 10 

Transformer layers for semantic representation learning, and (iii) sensitivity to the size of the 11 

training dataset. Collectively, these analyses provide actionable insights for practical 12 

deployment, particularly with respect to computational efficiency, annotation burden, and 13 

robustness in data-scarce scenarios. 14 

4.2.1. Selection of feature combinations 15 

This experiment investigates the relative contributions of different feature sources and their 16 

combinations to classification performance, with the objective of identifying the most effective 17 
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representation strategy within the proposed framework. Three categories of features are 1 

considered: (1) structured sparse representations generated by HS-LNLSC, (2) patch-level 2 

features derived from intermediate DINO representations (denoted as DINO-Patch), and (3) 3 

global semantic features extracted from the CLS token of DINO (denoted as DINO-CLS). 4 

Based on these feature types, five representative configurations are evaluated: HS-LNLSC, 5 

DINO-Patch, DINO-CLS, HS-LNLSC+DINO-Patch, and HS-LNLSC+DINO-CLS. 6 

Experiments are conducted on two representative datasets, Seaship and Scene-15, under 7 

identical experimental settings. For each class, 50 images are randomly selected for training, 8 

with the remaining samples reserved for testing. To further investigate the influence of semantic 9 

feature depth, DINO representations are extracted from multiple Transformer layers (L2, L4, 10 

L6, L8, L10, and L12). A multi-class linear SVM classifier is employed for all configurations 11 

to ensure a fair and consistent comparison. 12 

The quantitative results are reported in Tables 6 and 7, with corresponding performance 13 

trends illustrated in Fig. 4. Several important observations emerge. First, HS-LNLSC alone 14 

yields stable and competitive performance across all Transformer layers on both datasets, 15 

indicating strong robustness and minimal sensitivity to semantic depth. This behaviour is 16 

expected, as HS-LNLSC is built upon handcrafted local descriptors and structured sparse 17 

coding, which are independent of Transformer-based semantic representations. 18 

Second, DINO-CLS consistently outperforms DINO-Patch on both datasets, and its 19 

performance improves markedly as deeper Transformer layers are used. This finding suggests 20 

that the CLS token progressively encodes more discriminative global semantic information at 21 

deeper layers, whereas patch-level features mainly emphasise local visual patterns that are less 22 

effective when used in isolation for classification. 23 

Third, the combination of HS-LNLSC and DINO-CLS achieves the best performance across 24 

nearly all layers and datasets. HS-LNLSC+DINO-CLS consistently surpasses both individual 25 

components, demonstrating strong complementarity between structured local sparse 26 

representations and global semantic features. By contrast, integrating HS-LNLSC with DINO-27 

Patch yields only marginal gains or even performance degradation, implying that patch-level 28 

semantic features provide limited additional information beyond that already captured by HS-29 

LNLSC. 30 

Overall, these results indicate that HS-LNLSC+DINO-CLS constitutes the most effective 31 

feature combination. HS-LNLSC contributes stable and interpretable local geometric modelling, 32 

while DINO-CLS supplies high-level semantic discrimination. Their integration produces a 33 

unified representation that is both robust and semantically expressive. Consequently, HS-34 

LNLSC+DINO-CLS is selected as the optimal feature configuration and adopted in all 35 

subsequent experiments. 36 

Table 6. Classification accuracy on the Seaship dataset with different feature combinations (%). 37 

Layers 

Methods 
L2 L4 L6 L8 L10 L12 

HS-LNLSC 78.73 78.73 78.73 78.73 78.73 78.73 

DINO-Patch 55.94 57.18 56.54 54.86 56.05 53.08 

DINO-CLS 41.13 55.97 77.53 84.64 89.48 90.88 
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HS-LNLSC+DINO-Patch 56.57 57.98 57.28 55.39 55.51 55.15 

HS-LNLSC+DINO-CLS 79.52 80.93 81.12 87.14 90.92 92.76 

Table 7. Classification accuracy on the Scene-15 dataset with different feature combinations (%). 1 

Layers 

Methods 
L2 L4 L6 L8 L10 L12 

HS-LNLSC 87.53 87.53 87.53 87.53 87.53 87.53 

DINO-Patch 68.64 67.90 67.35 66.92 67.98 68.21 

DINO-CLS 60.74 82.68 90.45 94.39 96.28 96.27 

HS-LNLSC+DINO-Patch 67.95 68.95 69.21 67.45 69.25 68.15 

HS-LNLSC+DINO-CLS 88.46 90.01 93.55 95.19 96.59 97.51 

 2 

Fig. 4. Classification accuracy for five different methods in two image datasets. 3 

4.2.2. Influence of Transformer layer selection 4 

Following the identification of HS-LNLSC+DINO-CLS as the most effective feature 5 

combination in Section 4.2.1, the impact of Transformer layer selection on overall classification 6 

performance is further examined. Because different layers of a ViT encode semantic 7 

information at progressively higher levels of abstraction, determining the layer that provides 8 

the most discriminative and complementary semantic representation when fused with HS-9 

LNLSC is of practical importance. 10 

In this experiment, CLS-token features are extracted from multiple Transformer layers of the 11 

DINO model, namely L2, L4, L6, L8, L10, and L12, while the HS-LNLSC component is kept 12 

unchanged. To further investigate the robustness of the HS-LNLSC-DINO framework under 13 

more constrained training conditions, we reduce the number of training samples per class to 30, 14 

while maintaining the same protocol as in Section 4.2.1. This allows assessment of relative 15 

performance across ablation variants without affecting comparability. 16 

The quantitative results are reported in Table 8, and the corresponding trends are illustrated 17 

in Fig. 5. A clear performance increase is observed as the Transformer depth grows, indicating 18 

that deeper layers encode increasingly discriminative semantic information. In contrast, shallow 19 

layers (L2 and L4) mainly capture low-level visual cues such as edges and textures, which offer 20 

limited additional complementarity to HS-LNLSC and therefore lead to smaller performance 21 

gains. 22 

Mid-to-deep layers (L6 and L8) yield substantial improvements, suggesting a favourable 23 

trade-off between semantic abstraction and generalisation capability. Among these, L8 24 

consistently demonstrates strong performance across both datasets, indicating that features at 25 
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this depth effectively complement the structured sparse representations produced by HS-1 

LNLSC. 2 

The highest classification accuracy is consistently obtained using features from L12. This 3 

outcome indicates that semantic representations extracted from the deepest Transformer layer 4 

are the most beneficial when integrated with HS-LNLSC. Consequently, Layer 12 (L12) is 5 

selected as the optimal semantic feature extraction layer and is adopted in all subsequent 6 

experiments, including analyses of training-sample sensitivity and generalisation performance. 7 

Table 8. Classification accuracy for different Transformer layers on the two image datasets (%). 8 

Layers 

Datasets 
L2 L4 L6 L8 L10 L12 

Seaship 79.52 80.93 81.12 87.14 90.92 92.76 

Scene-15 88.46 90.01 93.55 95.19 96.59 97.51 

 9 

 10 

Fig. 5. Classification accuracy for different Transformer layers on the two image datasets. 11 

4.2.3. Impact of the number of training samples 12 

This subsection evaluates the robustness of the proposed HS-LNLSC-DINO framework 13 

under varying training sample sizes, a critical consideration for real-world marine and maritime 14 

applications where annotated data are often scarce. The objective is to characterise the evolution 15 

of classification performance as the amount of training data increases and to assess the data 16 

efficiency of the proposed approach. 17 

Experiments are conducted on three datasets with distinct characteristics: Seaship, SMD-18 

trimming, and Scene-15. For the Seaship and SMD-trimming datasets, the number of training 19 

samples per class is set to 50, 100, 150, 200, and 250, whereas for the Scene-15 dataset, 50, 20 

100, 150, and 200 samples per class are considered. In all cases, the remaining samples are 21 

reserved for testing. The optimal configuration identified in the preceding subsections, namely, 22 

the HS-LNLSC+DINO-CLS feature fusion strategy with semantic features extracted from 23 

Layer 12 (L12), is adopted throughout. 24 
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The quantitative results are reported in Table 9 and visualised in Fig. 6. As expected, 1 

classification accuracy increases monotonically with the number of training samples, reflecting 2 

typical learning behaviour. More importantly, strong performance is observed even in low-data 3 

regimes. With only 50 training samples per class, the HS-LNLSC-DINO framework achieves 4 

competitive accuracy across all three datasets, demonstrating high data efficiency. 5 

This favourable behaviour can be attributed to the complementary nature of the hybrid 6 

representation. The structured sparse coding component captures stable and discriminative local 7 

geometric patterns that generalise well with limited supervision, while the self-supervised 8 

DINO features contribute transferable semantic knowledge learned from large-scale unlabeled 9 

data. As additional training samples become available, the classifier is able to further exploit 10 

these rich representations, leading to consistent performance gains. Collectively, these results 11 

indicate that the proposed framework not only achieves high accuracy with sufficient training 12 

data but also demonstrates strong robustness and generalisation in low-sample scenarios, 13 

underscoring its suitability for practical marine and maritime image classification tasks. 14 

Table 9. Classification accuracy for different Training images across the three image datasets (%). 15 

Datasets 
Training Images 

50 100 150 200 250 

Seaship 92.76 96.38 97.85 98.12 98.75 

SMD-trimming 94.90 97.35 98.65 99.13 99.68 

Scene-15 97.51 98.50 99.26 99.61 / 

 16 

Fig. 6. Classification accuracy for different Training images on the three image datasets. 17 

4.3. Comparison with state-of-the-art methods 18 

To comprehensively assess the effectiveness of the proposed HS-LNLSC-DINO framework, 19 

extensive comparisons are conducted with a broad spectrum of representative state-of-the-art 20 

image classification methods. The selected methods encompass diverse image representation 21 

paradigms, such as SCSPM, LLC, LSC, Lap-NMF-SPM, EH-NLSC, RSS, and HS-NLLSC (Y. 22 

Shi et al., 2025) approaches. 23 
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Regarding the four benchmark datasets, different training-testing splits are adopted according 1 

to commonly used evaluation protocols. In particular, with respect to the Corel-10 and Scene-2 

15 datasets, 50 and 100 images from each class are randomly chosen to train the model, while 3 

the leftover images serve as the testing set. For the Caltech-101 dataset, experiments are 4 

conducted using 15 and 30 training images per category, while all remaining images are 5 

reserved for testing. In the case of Caltech-256, 15, 30, 45, and 60 images per class are randomly 6 

selected for training, and the remaining images are used for testing. For the three maritime 7 

datasets, the number of training samples per category is varied to assess performance under 8 

different data availability conditions. Specifically, 50, 100, 150, 200, and 250 images from each 9 

class are randomly chosen for training, while the remaining images are allocated for testing. 10 

Table 10 presents the comparative results between the proposed HS-LNLSC-DINO method 11 

and several representative cutting-edge approaches over four benchmark datasets. The 12 

evaluated methods include classical sparse coding models (SCSPM, LLC, LSC), structured 13 

sparse representation techniques (Lap-NMF-SPM, EH-NLSC), semantic-based models (RSS), 14 

HS-NLLSC, and deep feature-based baselines. Across all datasets and experimental settings, 15 

HS-LNLSC-DINO consistently achieves the highest classification accuracy, demonstrating 16 

clear and robust performance advantages. 17 

In addition, statistical significance analyses were performed to evaluate the reliability of HS-18 

LNLSC-DINO’s performance gains relative to the second-best baseline across all datasets and 19 

training sample sizes. As shown in Table 10, the reported P-values indicate that most 20 

improvements are statistically significant (P < 0.05), suggesting that the observed advantages 21 

are unlikely to arise from random variation. These findings further support the robustness and 22 

generalizability of the proposed framework across diverse datasets and varying sample 23 

conditions. 24 

The superior performance of HS-LNLSC-DINO can be attributed to its integrated sparse-25 

semantic representation mechanism. The HS-LNLSC component incorporates locality, non-26 

negativity constraints, Laplacian regularisation, and histogram intersection similarity, 27 

facilitating the stable and consistent encoding of local SIFT features while preserving spatial 28 

geometric relationships. This design effectively addresses the coding instability and feature 29 

cancellation issues commonly encountered in traditional sparse coding frameworks. In parallel, 30 

the incorporation of global semantic features extracted from DINO introduces high-level 31 

contextual information that is challenging to capture using handcrafted descriptors alone. 32 

By contrast, traditional sparse coding approaches, such as SCSPM, LSC, and Lap-NMF-SPM, 33 

primarily rely on Euclidean-distance-based encoding and operate independently of semantic 34 

information, which limits their discriminative capability in complex scenes. While EH-NLSC 35 

enhances similarity measurement through histogram intersection, the absence of Laplacian 36 

regularisation reduces its ability to effectively model spatial structure. Semantic-based methods 37 

like RSS incorporate label information at the representation level but still rely on unstable 38 

sparse coding during the encoding process, resulting in limited performance improvements. 39 
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Through the joint exploitation of structured local representations and globally discriminative 1 

semantic features, HS-LNLSC-DINO effectively bridges the gap between handcrafted sparse 2 

modelling and deep representation learning. This complementary integration results in more 3 

robust, informative, and semantically consistent image representations, leading to significant 4 

performance improvements over existing methods. 5 

Table 10. Classification accuracy (mean ± standard deviation) across four benchmark image datasets 6 

(%); P-value versus second-best. 7 

Methods Corel-10 Scene-15 
Caltech-

101 (15) 

Caltech-

101 (30) 

Caltech-

256 (15) 

Caltech-

256 (30) 

Caltech-

256 (45) 

Caltech-

256 (60) 

SCSPM 
86.76± 

1.18 
81.12 ± 

0.45 

66.87 ± 

0.45 

72.10 ± 

1.14 

27.53 ± 

0.42 

33.86 ± 

0.55 

37.35 ± 

1.64 

40.08 ± 

0.79 

LLC 
87.83 ± 

1.03 

81.53 ± 

0.87 
68.57 ± 

0.88 
72.54 ± 

0.71 
31.27 ± 

0.85 
34.17 ± 

0.33 
35.93 ± 

0.51 
37.58 ± 

0.49 

LSC 
88.43± 

0.75 
89.65 ± 

0.41 
70.32 ± 

1.35 
74.86 ± 

0.53 
29.88 ± 

0.15 
35.67 ± 

0.33 
38.37 ± 

0.46 
40.35 ± 

0.24 

Lap-NMF-

SPM 

91.24 ± 

0.95 
90.46 ± 

0.87 
74.35 ± 

0.94 
76.81 ± 

0.49 
35.24 ± 

0.83 
37.46 ± 

0.32 
39.87 ± 

0.75 
41.35 ± 

0.72 

EH-NLSC 
93.64 ± 

0.78 

91.82 ± 

0.67 
73.34 ± 

0.62 
78.89 ± 

0.39 
35.89 ± 

0.56 
38.87 ± 

0.59 
41.65 ± 

0.53 
43.61 ± 

0.47 

RSS 
95.72 ± 

0.78 
92.45 ± 

0.93 
77.63 ± 

0.89 
82.91 ± 

0.22 
40.16 ± 

0.53 
44.96 ± 

0.85 
48.25 ± 

0.47 
51.32 ± 

0.41 

HS-NLLSC 
98.86 ± 

0.23 
97.56 ± 

0.64 
81.54 ± 

0.48 
87.73 ± 

0.67 

46.34 ± 

0.45 

49.86 ± 

0.65 

53.60 ± 

0.78 

57.68 ± 

0.12 

HS-LNLSC-

DINO 
99.84 ± 

0.17 

98.50 ± 

0.12 

97.63 ± 

0.11 

99.21 ± 

0.16 

87.24 ± 

0.19 

92.07 ± 

0.16 

94.86 ± 

0.26 

96.86 ± 

0.11 

P-value (vs 

second-best) 
5.95×10⁻3 1.21 1.37×10⁻¹0 2.95×10⁻8 6.66×10⁻¹4 7.11×10⁻¹3 4.44×10⁻¹2 0.00 

Significant 

(P < 5%) 
* * * * * * * * 

For clearer visualisation, Fig. 7 presents the mean classification accuracy and corresponding 8 

standard deviation across seven key methods over four benchmark datasets. HS-LNLSC-DINO 9 

consistently achieves the best performance. Compared with HS-NLLSC and other competing 10 

approaches, accuracy gains range from approximately 1% to 16% across the datasets. 11 
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 1 
Fig. 7. Classification accuracy (mean ± standard deviation) across four benchmark image datasets. 2 

With particular emphasis on ship classification, performance is evaluated on the Seaship, 3 

Seaship-trimming, and SMD-trimming datasets. The average classification accuracy across 4 

these three maritime datasets is reported in Table 11. For improved visual interpretation and 5 

ease of comparison, the corresponding numerical results are further depicted in Fig. 8. 6 

Table 11. Classification accuracy (mean ± standard deviation) across the three maritime datasets (%). 7 

Training Images 50 100 150 200 250 

HS-NLLSC 

Seaship 78.62±0.72 89.28±0.26 92.99±0.13 94.62±0.23 94.61±0.43 

Seaship-trimming 87.59±0.67 92.16±0.62 95.33±0.23 96.64±0.16 97.63±0.23 

SMD-trimming 93.22±0.36 96.41±0.41 97.73±0.29 98.97±0.15 99.28±0.08 

HS-LNLSC-DINO 

Seaship 92.76±0.21 96.38±0.18 97.85±0.31 98.12±0.24 98.75±0.11 

Seaship-trimming 95.78±0.48 98.04±0.27 98.62±0.22 99.23±0.16 99.31±0.11 

SMD-trimming 94.90±0.42 97.35±0.28 98.65±0.17 99.13±0.17 99.68±0.07 

As presented in Table 11 and illustrated in Fig. 8, the proposed HS-LNLSC-DINO approach 8 

demonstrates consistently strong classification performance across all three maritime datasets. 9 

Compared to HS-NLLSC, the HS-LNLSC-DINO method achieves an accuracy improvement 10 

of approximately 1% to 15% as the number of training samples increases. 11 
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 1 

Fig. 8. Classification accuracy (mean ± standard deviation) across the three maritime datasets. 2 

4.4. Generalisation and stability analysis 3 

To further evaluate the robustness and generalisation capability of the proposed HS-LNLSC-4 

DINO method, additional experiments are conducted from two perspectives: cross-dataset 5 

generalisation performance and random repeatability analysis. 6 

4.4.1. Generalisation evaluation across datasets 7 

Based on the results of the ablation studies in Section 4.2, the optimal configuration, 8 

specifically, the fusion of HS-LNLSC with DINO CLS features extracted from the L12 9 

Transformer layer, is selected for all subsequent experiments. This configuration is consistently 10 

applied across all seven datasets, including four benchmark datasets and three maritime image 11 

datasets. The classification accuracies achieved on each dataset are presented in Table 12. 12 

As presented in Table 12, the proposed HS-LNLSC-DINO framework consistently achieves 13 

strong performance across all datasets. Particularly notable advantages are observed on the 14 

maritime datasets, which are characterised by complex backgrounds, illumination variations, 15 

and significant scale changes, highlighting the robustness of the proposed framework in 16 

challenging visual environments. At the same time, competitive performance is maintained on 17 

standard datasets, indicating that the proposed hybrid representation is not limited to a specific 18 

domain. These results validate the effectiveness and broad applicability of integrating structured 19 

sparse representations with self-supervised semantic features. 20 

To provide a more intuitive illustration of the results, Fig. 9 presents the classification 21 

accuracy of three methods, HS-LNLSC, DINO-CLS, and HS-LNLSC-DINO, across seven 22 

datasets. As shown in Fig. 9, the proposed HS-LNLSC-DINO method outperforms the other 23 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



 

30 
 

two methods on all seven datasets, further demonstrating the robustness and generalisation 1 

capability of the proposed approach. 2 

Table 12. Classification accuracy on the seven image datasets (%). 3 

Datasets 
Training Images 

15 30 45 60 

Corel-10 98.85 99.60 99.82 99.85 

Scene-15 94.07 95.89 96.95 97.36 

Caltech-101 97.63 99.21 / / 

Caltech-256 87.24 92.07 94.86 96.86 

Seaship 77.50 87.82 91.87 93.04 

Seaship-trimming 90.38 94.88 96.04 96.73 

SMD-trimming 88.92 93.51 95.64 95.53 

 4 

  
(a) 15 (b) 30 

  
(c) 45 (d) 60 

Fig. 9. Classification accuracy of the three methods on the seven image datasets. 5 

4.4.2. Random repeatability and stability analysis 6 

Beyond generalisation assessment, the stability of the proposed method is further evaluated 7 

through random repeatability experiments. Specifically, for the seven image datasets, 30 images 8 

from each category are randomly selected as training samples, with the remaining images used 9 

for testing. The average classification accuracy and the corresponding standard deviation are 10 

then calculated to assess the robustness of the method against data sampling variability. The 11 

experimental results from five random runs are shown in Table 13 and depicted in Fig. 10. 12 

Additionally, Fig. 11 displays the classification accuracy, along with the mean and standard 13 

deviation across the seven image datasets. 14 
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As shown in Table 13 and Figures 10 and 11, the proposed HS-LNLSC-DINO framework 1 

achieves not only high average classification accuracy but also relatively low standard deviation 2 

across repeated runs. This result demonstrates strong stability and limited sensitivity to random 3 

fluctuations in training sample selection. Taken together with the generalisation results, these 4 

findings confirm that HS-LNLSC-DINO exhibits robust and reliable performance. Through the 5 

effective integration of local geometric modelling and global semantic representation, the 6 

framework delivers consistent results across diverse datasets and experimental conditions, 7 

further supporting its suitability for practical image classification applications, particularly in 8 

marine and maritime environments. 9 

While the Seaship dataset exhibits a slightly higher variance in classification accuracy (SD = 10 

1.39%), this is largely attributable to the inherent characteristics of the dataset. Specifically, the 11 

images are relatively large, whereas the target objects occupy only a small portion of each scene, 12 

and the majority of pixels correspond to background or non-target regions. Consequently, 13 

forced resizing and feature extraction can lead to partial loss of target-specific features, which 14 

increases variability across experimental runs. 15 

These observations are discussed here to highlight dataset-specific sensitivity, while 16 

simultaneously confirming the overall robustness and stability of the proposed HS-LNLSC-17 

DINO framework across diverse maritime datasets. 18 

Table 13. Stability analysis over five random runs on the seven image datasets (%). 19 

Datasets 
Rounds Mean 

Accuracy 

Standard 

Deviation 1 2 3 4 5 

Corel-10 99.71 99.57 99.86 99.29 99.57 99.60 0.21 

Scene-15 96.08 96.15 95.61 96.06 95.57 95.89 0.28 

Caltech-101 99.01 99.15 99.17 99.36 99.39 99.21 0.16 

Caltech-256 92.13 92.01 91.98 92.31 91.91 92.07 0.16 

Seaship 89.45 86.51 86.57 89.12 87.49 87.82 1.39 

Seaship-trimming 95.07 94.23 94.60 95.61 94.91 94.88 0.52 

SMD-trimming 94.39 92.66 93.77 93.52 93.21 93.51 0.64 
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 1 

Fig. 10. Stability analysis over five random runs on the seven maritime image datasets. 2 

 3 

 4 

Fig. 11. Classification accuracy (mean ± standard deviation) on the seven image datasets. 5 

4.5. Algorithm Complexity Analysis 6 

Let n denote the number of local features per image, m the number of template features, and 7 

k the dictionary size. The computational complexity of the coding stage in LSC can be 8 

expressed as ( ( ))O n m k  . After incorporating histogram intersection and locality constraints, 9 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



 

33 
 

the complexity of the HI-LNLSC coding stage becomes 
2( )O k  . In the MP stage, given l 1 

pyramid levels and b histogram bins, the computational complexity is ( )O n l b  . Accordingly, 2 

the total computational complexity of the HI-LNLSC stage can be summarised as 3 

2( ( ) )O n m k k l b     . For the semantic information stage, let nR denote the number of 4 

cross-validation folds and C the number of categories in the dataset for SVM classification. The 5 

computational complexity of this stage can be expressed as ( )O nR C  . Accordingly, the 6 

overall computational complexity of the HS-LNLSC algorithm is given by 7 

2( ( ) )O n m k k l b nR C       . 8 

For the DINO feature extraction stage, let p denote the number of image patches, d the token 9 

dimension, and t the number of Transformer layers. Since the pretrained DINO model is used 10 

in a frozen manner and only forward propagation is required, the computational complexity of 11 

this stage is given by 2( )O tp d .  12 

The feature fusion stage consists of a simple weighted concatenation of HS-LNLSC and 13 

DINO features, whose computational cost is negligible compared with the feature extraction 14 

stages. So the complexity is 1 2( )O d d . Finally, given H training samples, the linear SVM 15 

classification stage has a complexity of 1 2( ( ))O H d d , where 1d  and 2d  denote the feature 16 

dimensions of HS-LNLSC and DINO representations, respectively. In summary, the overall 17 

computational complexity of the proposed HS-LNLSC-DINO framework can be expressed as 18 

2 2

1 2 1 2( ( ) ( ) ( ))O n m k k l b nR C tp d d d H d d            . 19 

Table 14 presents the complexity analysis of three different methods, including HS-LNLSC, 20 

DINO, and HS-LNLSC-DINO. As shown in Table 14, the proposed HS-LNLSC-DINO 21 

framework integrates both local sparse representations and global semantic features, and its 22 

overall complexity reflects the combination of these components. So the complexity is higher.  23 

Although the hybrid framework incurs higher computational complexity compared with 24 

individual components, the additional cost is mainly concentrated in the feature extraction stage. 25 

The use of a frozen DINO backbone and a linear classifier ensures that the classification stage 26 

remains computationally efficient. Therefore, the overall computational burden remains 27 

manageable while enabling improved representation capability and classification performance 28 

in complex marine and coastal scenarios. 29 

Table 14. The complexity analysis of three different methods. 30 

Methods Complexity 

HS-LNLSC 
2( ( ) )O n m k k l b nR C        

DINO 
2( )O tp d  

HS-LNLSC-DINO 
2 2

1 2 1 2( ( ) ( ) ( ))O n m k k l b nR C tp d d d H d d             
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5. Management and policy implications, and practical considerations 1 

The findings of this study extend beyond methodological performance and offer important 2 

insights for the design, implementation, and governance of marine and coastal monitoring 3 

systems. By improving the reliability, interpretability, and scalability of image-based 4 

classification under visually complex and data-limited conditions, the proposed hybrid sparse-5 

semantic framework provides practical support for evidence-based ocean and coastal 6 

management across diverse institutional and operational contexts. 7 

5.1. Supporting evidence-based monitoring under data and capacity constraints 8 

HS-LNLSC-DINO exhibits robust performance in low-sample and visually complex 9 

maritime scenarios, delivering stable and interpretable data outputs that enhance the reliability 10 

and consistency of routine marine monitoring operations. From both methodological and 11 

management perspectives, HS-LNLSC-DINO demonstrates robust performance in low-sample 12 

and visually complex maritime scenarios, maintaining stable and interpretable local feature 13 

representations. These enhancements not only strengthen the reliability of upstream image-14 

based analyses but also improve the quality of data inputs for routine monitoring systems, 15 

particularly under data-constrained conditions where labelled samples are limited, thereby 16 

supporting more consistent and trustworthy operational monitoring. A persistent challenge in 17 

marine and coastal management is the uneven availability of labelled data across regions, 18 

activities, and monitoring objectives, often compounded by limited financial and technical 19 

resources. Many management authorities must prioritise surveillance and environmental 20 

monitoring under strict budgetary and operational constraints. The demonstrated effectiveness 21 

of the proposed framework when trained on small datasets suggests that automated image 22 

classification can be more feasibly integrated into routine monitoring programmes without 23 

requiring extensive and continuous annotation efforts. This capability enables management 24 

agencies to extract actionable information from existing image data streams, including satellite 25 

and UAV imagery, even in data-poor or newly monitored areas. 26 

From a policy perspective, reduced dependence on labelled data is particularly relevant for 27 

adaptive management frameworks, where monitoring priorities may evolve in response to 28 

emerging environmental risks, regulatory changes, or shifts in maritime activity patterns. Faster 29 

deployment and updating of monitoring systems can support more timely regulatory responses 30 

and flexible implementation of monitoring mandates at local, national, and regional scales. 31 

5.2. Enhancing robustness for regulatory and governance applications 32 

The hybrid integration of structured local descriptors with global DINO features enables 33 

consistent, reliable identification of vessel types and environmental features, thereby supporting 34 

maritime traffic supervision and compliance-oriented monitoring workflows. In regulatory and 35 

operational contexts, the hybrid integration of structured local sparse descriptors and global 36 

DINO features provides robust, accurate, and consistent classification performance, enabling 37 

reliable identification of maritime targets, including vessel types and environmental features, 38 

and thereby supporting surveillance and compliance-related applications. Marine and coastal 39 

imagery increasingly underpins regulatory functions related to maritime traffic management, 40 
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port operations, environmental protection, and safety enforcement. However, classification 1 

errors caused by reflections, haze, cluttered backgrounds, and small targets can undermine 2 

regulatory confidence in automated monitoring outputs. The improved robustness observed 3 

across challenging maritime datasets indicates that combining structured local encoding with 4 

global self-supervised semantic representations can mitigate these sources of error, supporting 5 

more reliable surveillance outputs for governance-relevant tasks such as vessel-type monitoring, 6 

nearshore activity assessment, and long-term evaluation of human pressures on coastal and 7 

marine environments. 8 

More consistent and reliable classification results can contribute to fairer and more 9 

transparent enforcement practices by reducing both false positives that impose unnecessary 10 

regulatory burdens and false negatives that weaken compliance objectives. In this way, the 11 

proposed framework aligns technical performance improvements with broader governance 12 

goals. 13 

5.3. Strengthening transparency, accountability, and institutional trust 14 

Beyond classification accuracy, the interpretability of HS-LNLSC-DINO outputs provides 15 

traceable and transparent feature representations, thereby enhancing auditability and fostering 16 

institutional trust in marine and coastal governance. These practical validations underscore the 17 

added value of the hybrid sparse-semantic framework in operationally relevant management 18 

contexts. Transparency and accountability are central principles of contemporary ocean and 19 

coastal governance, particularly where automated systems inform regulatory actions, risk 20 

assessments, or public reporting. Compared with purely deep learning-based approaches, the 21 

structured sparse encoding component of the proposed framework provides interpretable 22 

representations of local feature contributions, improving the traceability of classification 23 

outcomes. Such interpretability supports internal audits, post-event evaluations, and external 24 

scrutiny when monitoring outputs are used to justify management interventions or regulatory 25 

decisions. 26 

From an institutional standpoint, enhanced transparency can strengthen trust in automated 27 

monitoring systems among regulators, port authorities, coastal managers, and other 28 

stakeholders. This is especially important in governance settings where decisions must be 29 

communicated across organisational boundaries or defended in legal, administrative, or public 30 

forums. 31 

5.4. Practical deployment considerations and future policy-relevant directions 32 

The proposed framework adopts a modular design that combines frozen self-supervised 33 

features with a lightweight classifier, limiting training complexity and reducing the risk of 34 

overfitting. This design makes the framework suitable for deployment in operational settings 35 

where computational resources and technical capacity may be constrained. In practice, the 36 

feature extraction and classification pipeline can be integrated as a modular component within 37 

broader monitoring systems, including satellite and UAV data ingestion, image categorisation 38 

workflows, and event summarisation platforms. 39 
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Nevertheless, several considerations remain relevant for policy- and management-oriented 1 

deployment. In practical monitoring workflows, geographic variability, seasonal changes, and 2 

sensor heterogeneity can affect classification performance. While HS-LNLSC-DINO 3 

demonstrates robustness across multiple datasets, systematic evaluation under these domain-4 

shift conditions remains necessary. The current study does not include cross-region transfer, 5 

seasonal robustness, or sensor-shift experiments, nor does it address open-set recognition or 6 

uncertainty-aware prediction. In addition, the current evaluation focuses primarily on image-7 

level classification rather than downstream decision outcomes, such as risk prioritisation or 8 

regulatory effectiveness. Finally, operational decision making often requires explicit 9 

representation of uncertainty, particularly in risk-sensitive contexts related to safety, 10 

environmental protection, and enforcement. 11 

Addressing these limitations represents an important direction for future research. 12 

Incorporating cross-region adaptation, open-set recognition, and uncertainty-aware 13 

classification could further enhance the policy relevance of automated image analysis, 14 

supporting risk-informed decision making and precautionary management approaches. Such 15 

developments would strengthen the alignment of image-based monitoring tools with the 16 

principles of adaptive, transparent, and accountable ocean and coastal governance. 17 

Overall, the proposed framework contributes to marine and coastal management in an indirect 18 

yet structured manner by reinforcing the upstream data interpretation layer within monitoring 19 

systems. This enhanced data foundation supports downstream processes, including indicator 20 

construction, surveillance analysis, and decision-support activities, thereby establishing a 21 

coherent pathway from image analysis to governance applications. It should be noted, however, 22 

that the current evaluation primarily focuses on classification performance at the image level, 23 

rather than on downstream decision-making outcomes such as risk prioritisation, regulatory 24 

effectiveness, or operational decisions. 25 

6. Conclusions 26 

This paper developed a hybrid sparse-semantic image classification framework (HS-LNLSC-27 

DINO) to support robust marine and coastal image interpretation in operationally realistic and 28 

data-constrained settings. By integrating structured local representations derived from HS-29 

LNLSC sparse coding with global semantic features extracted from a self-supervised DINO 30 

Vision Transformer, the proposed framework bridges fine-grained geometric modelling and 31 

high-level semantic understanding. This unified representation is well-suited to the visual 32 

complexity commonly encountered in marine and coastal environments, including variable 33 

illumination, background clutter, and limited availability of labelled data. 34 

From a methodological standpoint, the proposed framework enhances the stability and 35 

interpretability of sparse coding by jointly preserving locality, non-negativity, and 36 

neighbourhood consistency, while introducing semantic guidance to improve discriminative 37 

capability. In parallel, self-supervised DINO features provide transferable global semantics 38 

without reliance on extensive labelled datasets. The feature-level fusion of these 39 

complementary representations, combined with a lightweight linear classifier, results in a 40 
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practical and computationally efficient analytical pipeline. Such characteristics are particularly 1 

relevant for marine and coastal monitoring systems that must operate under resource constraints 2 

and integrate with existing observational infrastructures. 3 

Extensive evaluation on four public benchmark datasets and three maritime image datasets 4 

demonstrates consistent and robust performance improvements compared with representative 5 

sparse coding-based, semantic-aware, and deep-feature baselines. The proposed framework 6 

achieves stable gains across diverse conditions, including challenging maritime scenarios, and 7 

remains effective under limited training data. Ablation analyses further confirm the 8 

complementary value of structured local modelling and self-supervised semantic 9 

representations, highlighting the importance of combining interpretability and semantic 10 

richness in complex marine image classification tasks. 11 

Beyond methodological performance, the findings have direct implications for marine and 12 

coastal management practice. More reliable and interpretable image classification can 13 

strengthen environmental monitoring, maritime traffic observation, and coastal surveillance by 14 

improving the consistency and transparency of automated analytical outputs. In management 15 

and governance contexts where monitoring results inform regulatory oversight, operational 16 

decision making, or stakeholder communication, the ability to balance robustness, data 17 

efficiency, and interpretability is particularly important. The proposed framework therefore 18 

contributes to the broader objective of enabling evidence-based ocean and coastal management 19 

through improved utilisation of visual data. 20 

Several directions for future research emerge from this work. It should be emphasised that 21 

the primary contribution of this study lies in enhancing the reliability and interpretability of 22 

upstream image-based analyses within marine and coastal monitoring systems. While these 23 

improvements strengthen the foundation for downstream decision-support activities, evaluation 24 

of decision-level outcomes-such as risk prioritisation, regulatory effectiveness, or decision-25 

support workflows-remains beyond the scope of the current work and is identified as a key 26 

focus for future research. First, extending the framework towards end-to-end optimisation while 27 

retaining interpretability could further enhance operational performance. Second, incorporating 28 

adaptive and uncertainty-aware fusion strategies would better support upstream information 29 

extraction within monitoring and decision-support workflows under domain shifts associated 30 

with seasonal variation, geographic heterogeneity, and sensor diversity. Future research will 31 

further investigate cross-region transfer, seasonal generalisation, sensor-shift adaptation, open-32 

set recognition, and uncertainty-aware prediction to enhance robustness and reliability in 33 

heterogeneous, real-world monitoring environments. Finally, future studies should expand 34 

evaluation beyond image-level classification to management-oriented applications, such as 35 

fine-grained vessel categorisation, maritime scene understanding, and cross-region or cross-36 

season generalisation within real-world monitoring workflows. Advancing along these 37 

directions will further strengthen the contribution of image-based analytics to resilient, 38 

transparent, and adaptive marine and coastal management. 39 
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Appendix A 39 

Algorithm 2 (Apply an iterative process to   in order to compute D) 

Input: Non-negative feature matrix X; Sparse coding S; Precision  . 
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Output: Diagonal matrix  ; Dictionary D. 

Step 1. Initialise: Set 0 , 0i  , and   as the initial precision. 

Step 2. Convergence Check: While convergence criteria are not met, proceed with the following steps: 

Step 3. Set 
0

0 ( )h f   , if 0 2
h  then 

Step 4. 
0 denotes the desired extremum. 

Step 5.  else 

Step 6. 
0

0=-d h . 

Step 7. end if 

Step 8. Let 
1

1 ( )i

ih f 

    , if
1 2ih    or

1 1 0i i

F F
     then 

Step 9. 1i denotes the desired extremum. 

Step 10. else 

Step 11. 
1

1=-i i

i id h d

  , 
2 2

1 2 2
/i i ih h  . 

Step 12. end if 

Step 13. Identify the most suitable step size i  through a rough search method along with one dimension, 

i.e., ( ) min ( )i i i i

if d f d


      . 

Step 14. 
1i i i

id    . 

Step 15. Let 1i i  ,go back to Step 8. 

Step 16. end while 

Step 17. Go back to , and acquire dictionary Dusing Eq. (6). 

Appendix B 1 

Algorithm 3 (The most suitable approximation *D for appropriate sparseness of D) 

Input: A randomly sampled column vector d from matrix D. 

Output: The closest non-negative vector 
*d  within *D . 

Step 1. Calculate the sparseness *d
S for the column vector 

*d using Eq. 

* *

* 1 2
/

( )
1

M d d
sparseness d

M





 and *

* *

1 1 2
/ ( 1)

d
l d d M M S    .Here, M denotes the 

dimension of 
*d . 

Step 2. Project the vector d into the space defined by the 1l  constraint, 
1* 1

k k

l d
d d

M


  , ,k i.e., let

*

11
d l . 

Step 3. Initialise a set {}W   containing the indices of negative elements within d. 

Step 4. While the vector 
*d  does not meet the non-negativity constraint and the required sparseness 

condition, namely, 
2 2*

22
d d , continue the iteration process: 

Step 5. Compute the midpoint 

1 ,
( )

0,

k

l
i W

M length Wm

k W




 
 

within the non-negative space defined by 

the 1l  constraint. 

Step 6. Solve the quadratic Eq.
2 2

* *

2 2
( )d m d m    to get the non-negative solution  , and 

update 
*d  according to Eq. 

* *( )d m d m   . 

Step 7. If all elements of
*d are non-negative proceed to Step 8. Otherwise, go to Step 9. 

Step 8. Go back to
*d . 

Step 9. If any elements of 
*d  remain negative: 

Step 10. For each negative element, set it to zero via 
*{ : 0}kW W k d  , and set 

* 0,kd k W   . 
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Step 11. Recalculate the projection of 
*d , ensuring 

*d invariant within the non-negative space defined 

by the 1l  constraint, i.e., 
* * *

1 1
( ) / ( ( ))k kd d l d M length W    . 

Step 12. Repeat the process by returning to Step 5. 

Step 13. Continue iterating until the vector 
*d satisfies both the non-negativity and sparseness 

conditions. 
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