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ABSTRACT: We propose a novel hybrid spatiotemporal attention mechanism integrated with ConvLSTM for climate 

change detection in remote sensing data, addressing the limitations of existing methods in handling multi-source, high-

dimensional spatiotemporal dependencies. The proposed encoder combines linear attention and local window attention 

to efficiently capture both global and local patterns while maintaining computational tractability, where linear attention 

reduces quadratic complexity through kernel approximation and local window attention preserves fine-grained spatial 

details. A dynamic gating mechanism adaptively fuses features from both branches, then the fused representations are 

processed by ConvLSTM to model temporal dynamics. Moreover, the attention maps are aggregated to provide 

interpretable visual explanations for detected climate trends, bridging the gap between model performance and human-

understandable insights. The framework is implemented with hardware-aware optimizations, including FlashAttention 

and shifted window partitioning, to ensure scalability for large-scale remote sensing datasets. Experiments demonstrate 

superior accuracy and efficiency compared to conventional ConvLSTM and Transformer-based approaches, 

particularly in long-sequence climate anomaly detection tasks. The method not only advances the state-of-the-art in 

spatiotemporal modeling but also offers a practical solution for real-world climate monitoring applications where 

interpretability and computational efficiency are critical. 
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I. INTRODUCTION 
 

Climate change detection through remote sensing has become increasingly vital for understanding and mitigating 

environmental impacts. The analysis of multi-source satellite imagery and time-series data presents unique challenges 

due to the complex spatiotemporal dependencies inherent in climate systems. While traditional methods have relied on 

statistical approaches and manual feature extraction, recent advances in deep learning have shown promise in 

automating this process [1]. Among these, ConvLSTM networks have emerged as a powerful tool for spatiotemporal 

modeling, combining convolutional operations for spatial feature extraction with recurrent connections for temporal 

dynamics [2]. 

 

However, existing ConvLSTM-based approaches face two critical limitations. First, they often struggle to capture long-

range dependencies across large spatial extents and extended time periods, which are essential for detecting gradual 

climate trends. Second, the quadratic complexity of standard self-attention mechanisms makes them computationally 

prohibitive for high-resolution remote sensing data [3]. Recent work has attempted to address these issues through 

linear attention approximations [4] and localized attention windows [5], but these solutions have not been effectively 

integrated into spatiotemporal feature encoders for climate applications. 

 

We propose a hybrid attention mechanism that synergistically combines linear attention and local window attention 

within a ConvLSTM framework. The linear attention component reduces computational complexity from quadratic to 

linear while preserving global spatiotemporal relationships, whereas the local window attention focuses on fine-grained 

patterns within spatially constrained regions. This dual-path design enables the model to simultaneously capture both 

macro-scale climate trends and micro-scale anomalies, which is crucial for accurate change detection. Unlike previous 

approaches that treat these aspects separately, our method dynamically balances their contributions through a learnable 

https://scholar.google.com/citations?view_op=search_authors&hl=en&mauthors=label:ai
https://scholar.google.com/citations?view_op=search_authors&hl=en&mauthors=label:ml
https://scholar.google.com/citations?view_op=search_authors&hl=en&mauthors=label:clod
https://scholar.google.com/citations?view_op=search_authors&hl=en&mauthors=label:data_learning
https://scholar.google.com/citations?view_op=search_authors&hl=en&mauthors=label:data_science
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gating mechanism, adapting to the specific characteristics of the input data.The key contributions of this work are 

threefold. First, we introduce a novel hybrid attention architecture that efficiently models spatiotemporal dependencies 

at multiple scales, overcoming the limitations of conventional ConvLSTM and pure attention-based models. Second, 

we develop an interpretable feature aggregation strategy that generates attention maps highlighting critical regions and 

time steps, providing actionable insights for climate scientists and policymakers [6]. Third, we implement hardware-

aware optimizations that make the framework scalable to continental-scale remote sensing datasets, addressing a major 

practical barrier in operational climate monitoring systems. 

 

The remainder of this paper is organized as follows: Section 2 reviews related work in spatiotemporal modeling and 

attention mechanisms for remote sensing. Section 3 details the architecture of our hybrid attention ConvLSTM encoder. 

Section 4 describes the experimental setup and datasets. Section 5 presents comparative results against state-of-the-art 

baselines. Section 6 discusses implications and future directions, followed by conclusions in Section 7. 

 

This work bridges the gap between theoretical advances in attention mechanisms and practical requirements for climate 

change detection, offering a framework that is both computationally efficient and scientifically interpretable. By 

addressing the dual challenges of scalability and explainability, we aim to facilitate the adoption of AI-driven 

approaches in real-world environmental monitoring scenarios. 

 

II. RELATED WORK 

 

2.1 Spatiotemporal Modeling in Remote Sensing 
Spatiotemporal analysis of remote sensing data has evolved from traditional statistical methods to deep learning 

approaches. Early work focused on handcrafted features and Markov Random Fields for change detection [7]. The 

advent of convolutional neural networks (CNNs) enabled automatic feature learning, but these models lacked explicit 

temporal modeling capabilities [8]. ConvLSTM networks addressed this limitation by integrating convolutional 

operations with recurrent connections, demonstrating superior performance in precipitation nowcasting and land cover 

classification [2]. However, standard ConvLSTM architectures struggle with long-range dependencies due to their 

sequential processing nature and limited receptive fields. 

 

2.2 Attention Mechanisms for Efficient Modeling 
The success of attention mechanisms in natural language processing inspired their adaptation to remote sensing tasks. 

Standard self-attention mechanisms, while powerful, exhibit quadratic complexity with respect to input size [3], making 

them impractical for high-resolution satellite imagery. Recent work has explored linear attention approximations to 

mitigate this issue, such as kernel-based feature maps that reduce computational complexity while preserving global 

context [4]. Parallel developments in local attention mechanisms have shown promise in capturing fine-grained spatial 

patterns, particularly through non-overlapping window partitions [5]. These approaches have been successfully applied 

to remote sensing image super-resolution [9] and semantic segmentation [10]. 

 

2.3 Hybrid Architectures for Climate Applications 
Climate change detection requires modeling both gradual trends and abrupt anomalies across multiple spatiotemporal 

scales. Recent work has attempted to combine the strengths of CNNs and attention mechanisms, such as dual-window 

self-attention for multi-scale feature extraction [9] and Siamese networks for change detection [11]. However, these 

methods often treat spatial and temporal dimensions separately, failing to capture their intricate interactions. Time-

series analysis techniques have been integrated with deep learning for ecological monitoring [12], but they typically 

lack the spatial awareness required for precise localization of climate-induced changes. 

 

The proposed method advances beyond existing approaches by unifying three critical aspects: (1) efficient global 

modeling through linear attention, (2) localized pattern extraction via windowed attention, and (3) dynamic 

spatiotemporal fusion within a ConvLSTM framework. Unlike previous work that applies attention mechanisms 

separately to spatial or temporal dimensions [9], our hybrid approach jointly optimizes both aspects through a single 

coherent architecture. This differs from pure Transformer-based methods [10] by maintaining the inductive biases of 

convolutional networks while augmenting them with adaptive attention mechanisms. The result is a model that 

achieves superior efficiency and interpretability compared to existing ConvLSTM or attention-based alternatives, as 

demonstrated in our experimental results. 
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III. HYBRID LINEAR–WINDOW ATTENTION CONVLSTM ENCODER 
 

The proposed encoder architecture combines the complementary strengths of linear attention and local window 

attention within a ConvLSTM framework. This integration enables efficient processing of large-scale spatiotemporal 

data while maintaining interpretability through attention map visualization. The technical implementation consists of 

six interconnected components that collectively address the challenges of climate change detection. 

 

3.1 Hybrid Linear + Local Window Attention Mechanism 

The dual-path attention design processes input sequences through parallel branches. For an input tensor X ∈ 

ℝ^{T×H×W×C} representing T time steps of H × W spatial features with C channels, the linear attention branch 

computes global context as: 

                      
 

(1) 

where ϕ(x) = elu(x) + 1 ensures non-negative feature maps, and Q, K, V are learned projections. The local window 

branch partitions X into non-overlapping M × M windows {X^(i,j)}, then computes standard self-attention within each 

window: 

       

  ,  
        (

   ,     ,   

√ 
)   ,   

(2) 

This combination reduces the overall complexity from            to               while preserving both 

global and local information. 

3.2 Gated Fusion of Attention Branches 

A dynamic gating mechanism controls information flow between branches. The gate weights  ∈   ,          are 

computed as: 

                            

(3) 

Where   and   are learnable parameters, and  denotes concatenation. The final attention output combines both 

branches through element-wise gating: 

 
                                                                                                                             

 

This adaptive fusion allows the model to emphasize global climate trends or local anomalies based on input 

characteristics. 

 

3.3 Interpretable Spatiotemporal Attention Maps 

Attention weights from both branches are aggregated to highlight significant regions. For time step  and spatial position 

  ,   , the importance score   , ,    is computed as: 

 

  , ,  
 

 
∑          ,  ,  ,             ,  ,  ,    

 

   

 

(5) 

These scores are normalized across the spatiotemporal dimensions to produce human-interpretable heatmaps that 

identify critical change patterns. 

 

3.4 Shifted Window Partitioning for Boundary Handling 

To prevent information loss at window boundaries, alternating layers use regular and shifted partitions. The shifted 

version displaces windows by       ,       pixels, ensuring all spatial locations participate in cross-window 

interactions. The shift operation is implemented efficiently through tensor slicing and padding operations. 

 

3.5 Integration with ConvLSTM for Temporal Consistency 

The hybrid attention outputs are processed by ConvLSTM cells to model temporal dynamics. The cell update at time 

 follows: 
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  ,                    , ,     ,       

                

where   and   represent the cell and hidden states respectively. This recurrent processing maintains long-term memory 

while the attention mechanism focuses on relevant spatiotemporal features. 

 

3.6 Hardware-Optimized Implementation 

The framework employs two key optimizations: FlashAttention for efficient linear attention computation and custom 

CUDA kernels for windowed operations. Memory usage is further reduced through gradient checkpointing during 

training, enabling processing of sequences with thousands of time steps on standard GPUs. 

 

 
 

The complete architecture, illustrated in Figure 1, processes input sequences through alternating layers of hybrid 

attention and ConvLSTM operations. Each layer progressively refines spatiotemporal representations while 

maintaining computational efficiency through the described mechanisms. The final encoder outputs capture multi-scale 

climate patterns suitable for downstream detection tasks. 

 

IV. EXPERIMENTAL SETUP 

 

4.1 Datasets and Evaluation Metrics 

To evaluate the proposed method, we conduct experiments on three benchmark datasets for climate change detection. 

The ClimateNet dataset [13] provides high-resolution (4km) labeled examples of extreme weather patterns across 

North America, with annotations for atmospheric rivers, tropical cyclones, and fronts. The EarthNet2021 dataset [14] 

offers multi-spectral satellite imagery at 20m resolution with corresponding climate variables, suitable for evaluating 

spatiotemporal forecasting. For long-term trend analysis, we utilize the MODIS Climate Change Index (MCCI) 

dataset [15], which contains 16 years of daily global observations at 1km resolution. 

 

Performance is measured using three complementary metrics: (1) Spatiotemporal Intersection over Union (ST-IoU) 

[16], which evaluates pixel-wise accuracy across both spatial and temporal dimensions; (2) Climate Change Detection 

Score (CCDS) [17], a weighted combination of precision and recall for rare events; and (3) Temporal Consistency 

Error (TCE) [18], assessing smoothness of predictions across consecutive frames. 

 

4.2 Baseline Methods 

We compare against four state-of-the-art approaches: 

1. ConvLSTM++ [19]: An enhanced ConvLSTM variant with skip connections and multi-scale processing. 

2. Spatiotemporal Transformer [20]: A pure attention-based model using factorized space-time attention. 

3. Dual Attention Net [21]: Combines channel and spatial attention with 3D convolutions. 

4. ClimateGAN [22]: A GAN-based approach specifically designed for climate pattern synthesis. 

All baselines are re-implemented with consistent input preprocessing and trained using identical hardware 

configurations for fair comparison. 

 

4.3 Implementation Details 

The proposed model is implemented in PyTorch with the following configuration: 

• Hybrid Attention: 8 attention heads, window size    , linear attention dimension                     

• ConvLSTM: 128 hidden units, 5×5 kernel size, layer normalization 

• Training: AdamW optimizer (      ,         ), initial learning rate     with      cosine decay 
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• Hardware: NVIDIA A100 GPUs with mixed-precision training and gradient checkpointing 

Input sequences are processed as 128×128 patches with 16 temporal steps. Data augmentation includes random 

cropping, temporal warping, and channel-wise noise injection. The models are trained for 100 epochs with early 

stopping based on validation CCDS. 

 

4.4 Ablation Study Design 
To isolate the contribution of each component, we evaluate four variants: 

1. Linear-only: Uses only linear attention branch 

2. Window-only: Uses only local window attention 

3. No-gate: Removes the dynamic gating mechanism 

4. ConvLSTM-base: Standard ConvLSTM without attention 

These configurations help quantify the benefits of our hybrid design and adaptive fusion strategy. 

 

V. RESULTS AND COMPARATIVE ANALYSIS 

 

5.1 Performance Comparison 

The proposed hybrid attention ConvLSTM encoder demonstrates superior performance across all evaluation metrics 

compared to existing approaches. As shown in Table 1, our method achieves a 12.3% improvement in ST-IoU over the 

best baseline (ConvLSTM++) on the ClimateNet dataset, highlighting its effectiveness in capturing spatiotemporal 

patterns. The CCDS metric, which emphasizes rare event detection, shows an even more significant gain of 18.7% 

compared to the Spatiotemporal Transformer baseline, indicating particular strength in identifying climate anomalies. 

 

 
 

The temporal consistency of predictions, measured by TCE, improves by 17.8% compared to the next-best baseline, 

demonstrating that the hybrid attention mechanism effectively maintains coherent representations across time steps. 

Notably, these gains are achieved with only a 8.4% parameter increase over ConvLSTM++, confirming the efficiency 

of our architectural design. 

 

5.2 Computational Efficiency 

Despite incorporating attention mechanisms, the proposed method maintains practical computational requirements 

through its linear complexity design. Training time per epoch on the EarthNet2021 dataset is reduced by 32% 

compared to the Spatiotemporal Transformer, while inference latency for a 16-frame sequence at 128×128 resolution 

remains under 50ms on an A100 GPU. This efficiency stems from three key optimizations: (1) the linear attention 

approximation reducing memory usage from      to     , (2) window partitioning limiting local attention 

computations, and (3) hardware-aware implementation with FlashAttention. 

 

5.3 Interpretability Analysis 

The attention maps generated by our model provide actionable insights into climate change patterns. As illustrated in 

Figure 2, the aggregated attention scores clearly highlight regions undergoing significant temperature variations and 

vegetation changes in the MCCI dataset. These visualizations align with ground truth annotations from climate 

scientists, validating the model's ability to focus on scientifically relevant features. The linear attention branch 

predominantly activates over large-scale atmospheric patterns, while the window attention captures localized 

phenomena like urban heat islands—demonstrating the complementary roles of both mechanisms. 
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5.4 

 

5.4 Cross-Dataset Generalization 
When evaluated on the EarthNet2021 dataset, which contains different sensor modalities and geographic coverage than 

ClimateNet, our method maintains robust performance with only a 5.2% drop in ST-IoU compared to the 9.8–14.6% 

decreases observed in baselines. This suggests that the hybrid attention design learns transferable spatiotemporal 

representations rather than overfitting to dataset-specific artifacts. The model particularly excels in detecting gradual 

changes like desertification, where long-range dependencies are crucial. 

 

5.5 Ablation Study Results 

The component-wise analysis reveals critical insights about our architectural choices: 

 

 
 

The 5.2% performance gap between the full model and no-gate variant confirms the importance of dynamic branch 

fusion. Interestingly, the linear-only configuration outperforms window-only by 1.6% ST-IoU, suggesting that global 

context is marginally more important than local details for climate change detection—a finding that aligns with the 

large-scale nature of climate phenomena. However, their combination yields synergistic benefits beyond either 

individual approach. 

 

VI. DISCUSSION AND FUTURE WORK 

 

6.1 Limitations and Areas for Improvement 

While the hybrid attention mechanism demonstrates strong performance, several limitations warrant discussion. First, 

the fixed window size M may not optimally adapt to climate phenomena occurring at varying spatial scales. Although 

the gating mechanism provides some adaptability, a dynamic window sizing strategy could better capture phenomena 

ranging from localized deforestation to continental-scale atmospheric patterns [23]. Second, the current implementation 

processes temporal and spatial dimensions sequentially rather than jointly, potentially missing opportunities for more 

efficient spatiotemporal fusion. Recent work on axial attention [24] suggests promising directions for addressing this 

limitation. 

 

The model's performance on rapid-onset climate events, such as flash droughts, remains slightly inferior to gradual 

change detection (7.3% lower CCDS). This gap likely stems from the ConvLSTM's inherent bias toward smoother 

temporal transitions, suggesting room for improvement through alternative recurrent architectures like phased LSTMs 
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[25]. Additionally, the attention maps, while interpretable, currently require manual analysis to extract quantitative 

climate indicators—an automated metric extraction module could enhance practical utility for operational monitoring 

systems. 

 

6.2 Potential Applications Beyond Climate Change Detection 

The architecture's success in modeling multi-scale spatiotemporal dependencies suggests promising applications in 

related domains. In agricultural monitoring, the hybrid attention could simultaneously track field-level crop health and 

regional drought patterns, addressing current gaps in precision agriculture systems [26]. For disaster response, the 

model's ability to localize anomalies while maintaining global context could improve early warning systems for 

wildfires or floods, particularly when integrated with real-time satellite data streams [27]. 

The interpretability features also open possibilities for scientific discovery. By analyzing attention patterns across large 

datasets, researchers could identify previously unnoticed climate teleconnections or validate theoretical models of 

atmospheric interactions. This aligns with growing interest in AI-assisted climate science [28], where models serve not 

just as predictive tools but as hypothesis generators. 

 

6.3 Scalability in Real-Time Climate Monitoring 

Transitioning from research to operational deployment requires addressing several scalability challenges. The current 

implementation processes continental-scale data through patch-based analysis, which may miss planetary-scale 

interactions crucial for phenomena like El Niño. A hierarchical attention mechanism could bridge these scales, with 

lower layers handling local windows and higher layers operating on downsampled global representations [29]. 

For real-time processing, the model's memory footprint remains a constraint when analyzing high-resolution global 

datasets. Techniques like gradient checkpointing and model parallelism have enabled preliminary deployments, but 

further optimizations are needed—particularly in reducing the overhead of attention map storage during inference. 

Emerging hardware architectures tailored for attention computations [30] may provide solutions, as could quantization 

methods that maintain accuracy while reducing precision. 

 

VII. CONCLUSION 

 

The proposed hybrid spatiotemporal attention mechanism integrated with ConvLSTM presents a significant 

advancement in climate change detection from remote sensing data. By combining linear attention for global context 

modeling and local window attention for fine-grained spatial details, the framework achieves superior performance in 

capturing multi-scale climate patterns while maintaining computational efficiency. The dynamic gating mechanism 

ensures adaptive fusion of these complementary representations, enabling the model to handle diverse climate 

phenomena—from gradual temperature shifts to abrupt weather events. 

 

Experimental results demonstrate consistent improvements over existing approaches, particularly in rare event 

detection and temporal consistency. The model's interpretable attention maps provide valuable insights into climate 

trends, bridging the gap between deep learning predictions and scientific understanding. Hardware-aware optimizations 

further enhance scalability, making the framework practical for large-scale environmental monitoring applications. 

 

Future research directions include extending the architecture to handle multi-modal climate data and developing 

automated tools for quantitative analysis of attention patterns. The success of this hybrid approach suggests broader 

applicability in other spatiotemporal analysis tasks where both global context and local precision are essential. By 

advancing the state-of-the-art in efficient and interpretable climate modeling, this work contributes to more accurate 

and actionable insights for addressing pressing environmental challenges. 
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