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Abstract:  
 

Hyperspectral imagery (HSI) and Light Detection and Ranging (LiDAR) data furnish 

complementary spectral and structural information essential for precise land-cover 

classification. This paper presents a Cross-Attention Fusion Network (CAFN) that 

proficiently amalgamates spectral–spatial features from Hyperspectral Imaging (HSI) 

with elevation-based indicators from LiDAR. The suggested framework uses dual-

branch Convolutional Neural Network (CNN) encoders to get representations that are 

specific to each modality. Then, it uses a cross-attention fusion mechanism that learns 

how modalities are related to each other in real time. This attention-driven interaction 

lets the model focus on important spectral-structural relationships without using 

sequential recurrent units like GRUs. This makes it more efficient and better at 

generalising. For final classification, fully connected layers further improve the fused 

features. Tests done on two well-known multimodal datasets, Houston 2013 and Trento, 

show that the proposed method is strong and better than others, with overall accuracies 

(OA) of 84.03% and 97.55%, respectively. Ablation studies validate that cross-

attention-based fusion significantly surpasses single-modality and basic concatenation 

methods, affirming the proposed architecture's efficacy for multimodal land-cover 

classification. 

 

1. Introduction 
 

The integration of hyperspectral imagery (HSI) and 

Light Detection and Ranging (LiDAR) data has 

emerged as a vital research domain in remote 

sensing, owing to its capacity to leverage 

complementary spectral and spatial information for 

enhanced land-cover and environmental 

classification efficacy. HSI's unmatched spectral 

resolution captures detailed material properties, 

while LiDAR gives exact information about 

elevation and structure. Combining these two types 

of data makes it easier to tell objects apart, 

especially in urban and natural settings that are very 

different from each other (Jia et al., 2021). In recent 

years, researchers have created more advanced deep 

learning architectures to deal with the problems that 

come up when combining multimodal data, such as 

spectral–spatial feature misalignment, domain 

heterogeneity, and scale variation. Early 

convolutional neural network (CNN)-based 

frameworks have developed into hybrid models that 

integrate CNNs with graph neural networks (Guo et 

al., 2024), transformers (Zhao et al., 2023), and 

attention mechanisms (Han et al., 2024). For 

example, contrastive learning and feature 

calibration techniques have been developed to 

enhance modality alignment and semantic 

consistency between HSI and LiDAR (Xu et al., 

2025; Li et al., 2023). Dynamic interaction models 

also allow for adaptive feature fusion across 

spectral, spatial, and structural dimensions 

(Lin et al., 2025; Wang et al., 2025). 

Recent advancements utilise transformer 

architectures for global-local contextual modelling 

and modality-specific feature disentanglement, 

exemplified by the Multimodal Cross-Layer Fusion 

Transformer (Huang et al., 2025) and CMFNet: 

Cross-Mamba Fusion Network (Li et al., 2025), 

both of which exhibit superior performance on 

benchmark datasets. Other strategies use fuzzy 

logic (Liu et al., 2025), language priors (Cao et al., 

http://dergipark.org.tr/en/pub/ijcesen
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2024), or cross-domain contrastive learning (Dong 

et al., 2024). These are all examples of a new trend 

towards multimodal frameworks that can be 

understood and used in many different situations. 

Due to this rapid progress in methods, research is 

still going on to find strong, explainable, and 

computationally efficient fusion strategies that can 

deal with cross-scene variability and limited 

labelled data. This paper builds on that work by 

suggesting a better spectral-spatial attention fusion 

(SSAF) framework that uses CNN-based feature 

extraction, gated recurrent modelling, and 

hierarchical attention to make highly accurate land-

cover maps from HSI–LiDAR data. 

 

2. Related Work 

 

Recent developments in remote sensing have 

concentrated on the integration of hyperspectral 

imagery (HSI) and LiDAR data to tackle the 

intricacies of land-cover classification tasks. The 

intricate spectral details provided by HSI and the 

fine-grained elevation or structural information 

from LiDAR are complementary, yet the effective 

and robust integration of these modalities remains a 

central research challenge.  

Initial endeavours in this field predominantly 

utilised traditional convolution neural network 

(CNN) architectures adapted for multimodal data, 

emphasising the extraction of joint spectral-spatial 

and structural features. The Morphological 

Convolution and Attention Calibration Network (Li 

et al., 2023) and the Shearlet-Based Structure-

Aware Filtering (Jia et al., 2021) were two of the 

first attempts to combine different types of data 

through feature-level fusion. The literature has 

progressed towards more profound integration 

strategies, utilising various information pathways 

and sophisticated attention mechanisms. The Cross-

Modal Semantic Enhancement Network (Han et al., 

2024) and the Multiple Information Collaborative 

Fusion Network (Tang et al., 2024) both used 

cross-modal attention to make it easier for 

information to flow and to fix differences in 

meaning between HSI and LiDAR representations. 

The Dynamic Cross-Modal Feature Interaction 

Network (Lin et al., 2025) was created to model 

complex interdependencies in a way that changes 

over time, which is in line with the trend towards 

more dynamic and context-aware fusion. 

Along with improvements in architecture, the way 

we learn has changed to include contrastive and 

semi-supervised methods. The A Contrastive 

Learning Enhanced Adaptive Multimodal Fusion 

Network (Xu et al., 2025) and methods employing 

Pseudolabeling Contrastive Learning (Li et al., 

2024) have attained enhanced robustness and 

generalizability, particularly in contexts 

characterized by scarce labelled samples or 

substantial domain discrepancies. Transformer-

based models and multiscale methods are now the 

most common types of high-performing systems. 

MCFTNet (Huang et al., 2025) and MCFNet (Song 

et al., 2025) are two networks that use transformer 

blocks and multiscale cross-domain fusion, 

respectively, to fully capture both the local and 

long-range correlations across modalities. 

Enhanced networks that combine multihead self-

attention with graph convolutions (Gao et al., 2024) 

and strategies like global-local transformer 

networks (Ding et al., 2022) push the limits of 

multimodal classification even more. There are 

more and more hybrid fusion strategies, such as 

deep fuzzy fusion frameworks (Liu et al., 2025), 

spatial-spectral-language integration (Cao et al., 

2024), and bilaterally interactive hierarchical 

adaptive fusion (Zhao et al., 2024). Recent 

advancements have led to the emergence of 

structures such as modality fusion vision 

transformers (Yang et al., 2024) and spatial–

structural feature fusion networks (Wang et al., 

2025), broadening the horizons of multimodal 

learning while enhancing interpretability and 

precision across various remote sensing contexts. 

All of these methods have made deep multimodal 

fusion, especially attention-based and transformer 

networks, the most popular way to do HSI–LiDAR 

land-cover classification research. Hyperspectral 

imagery (HSI) and Light Detection and Ranging 

(LiDAR) data sets are offered as complementary 

data types in classification of land-cover where 

spectral signature of HSI and elevation structure of 

LiDAR data are of great importance in increasing 

the distinction between classes. Nevertheless, the 

successful incorporation of these heterogeneous 

modalities is still a difficult issue to achieve 

because of the variations in dimensionality, noise 

properties, and spatial resolution. Conventional 

fusion techniques like basic concatenation or pixel-

wise stacking can often miss out on the complicated 

cross-modal interactions and can lead to 

redundant/sub-optimal feature representations. 

In order to overcome these shortcomings, this paper 

presents a Cross-Attention Fusion Network 

(CAFN) that is aimed at improving the interaction 

among multimodal features between HSI and 

LiDAR images. The proposed framework models 

spectral sequences with recurrent networks in place 

of using lightweight convolutional encoders to 

extract discriminative spectral-spatial features of 

HSI and structural height features of LiDAR. This 

is followed by a cross-attention module which 

learns adaptively how much the information of the 

LiDAR branch should affect the HSI feature 
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representation. This allows pixel-wise fusion where 

the selection is based on informative cues in 

elevations and the rejection of irrelevant or noisy 

elements. The case-fused representation is lastly fed 

to fully connected layers and a softmax classifier in 

order to have an accurate land-cover prediction. 

The CAFN achieves competitiveness in accuracy as 

well as being architecturally simple and 

computationally efficient by removing redundant 

repeated processing, and capitalizing on the 

features refined through attention. The 

experimental findings on two test datasets of 

Houston 2013 and Trento show that the proposed 

approach has been able to reproduce spectral-

spatial-elevation correlations and high classification 

rates, especially in structurally diverse or 

heterogeneous settings. 

Although there is an increased interest in attention 

in multimodal remote sensing, most of the current 

fusion methods assume that the interaction between 

HSI and LiDAR characteristics is a static or global 

or uniform interaction among all pixels. The 

different parts of the design fail to consider that 

spectral and elevation cues need varying degrees of 

emphasis in different parts and classes. These 

techniques can thereby not take advantage of fine-

grained cross-modal interactions that are required 

in heterogeneous or structurally challenging 

landscapes. Conversely, the suggested framework 

adds a dynamically learned adaptive cross-attention 

fusion scheme to determine the modulation of 

LiDAR information to the spectral-spatial encoding 

of HSI. Our approach involves lightweight 

convolutional encoders then a focused attention 

module, which fuses through query key value 

fusion as opposed to heavyweight sequential 

models or recurrent units. This gives the model the 

ability to selectively boost structurally informative 

LiDAR regions without losing discriminative 

spectral detail to allow more meaningful interaction 

of features at the pixel level. Comprehensively, the 

suggested CAFN architecture, which is constructed 

on a parallel CNN feature extractor and a cross-

attention fusion module, and no recurrent 

processing, solves major limitations to the existent 

multimodal approaches. It presents an effective, 

interpretable, and adaptive model that can represent 

complicated spectral-spatial-elevation relationships. 

This is in line with the growing need to have 

powerful and computationally viable remote 

sensing models, especially in situations where there 

are a wide variety of classes of land-cover, different 

illumination, and with variable quality of data. 

 

3. Proposed Methodology 

3. 1 Research Methodology 

This section introduces the proposed CAFN(Cross-

Attention Fusion Network) and its experimental 

assessment on two benchmark Hyperspectral 

LiDAR datasets: Houston 2013 and Trento. The 

framework is engineered to capture spectral, 

spatial, and cross-modal correlations for precise 

land-cover classification. 

The suggested classification framework is meant to 

combine Hyperspectral Imagery (HSI) and LiDAR 

data in a way that makes land-cover mapping more 

accurate. The architecture starts with getting and 

preprocessing HSI and LiDAR data, as shown in 

Figure 1. This includes normalising and aligning 

the data in space to make sure that the pixels match 

up at the same level for both modalities. After 

preprocessing, the data goes into two separate 

branches of a convolutional encoder. The HSI 

encoder uses a series of 1×1 convolution, batch 

normalisation, and ReLU activation layers to get 

rich spectral-spatial features. This results in a 

compact 256-dimensional feature representation. At 

the same time, the LiDAR encoder uses a similar 

convolutional feature extraction process to get 

elevation-based structural information, which 

results in a 128-dimensional feature vector. Then, a 

Cross-Attention Fusion module combines the 

encoded features from both branches. The HSI 

features are used as queries, and the LiDAR 

features are used as keys and values. This attention 

mechanism learns to focus on the most informative 

spectral-spatial and structural correspondences 

between the two modalities in real time. This 

creates an adaptively fused representation that 

improves the ability to tell the difference between 

them. After that, the fused feature vector goes 

through a fully connected classifier network with a 

dense layer that uses ReLU activation, dropout 

regularisation, and a final softmax output layer. The 

final land-cover prediction map is made up of per-

pixel class probabilities from this classifier. The 

proposed Cross-Attention Fusion Network (CAFN) 

uses the strengths of both HSI and LiDAR data to 

create a strong and accurate multimodal 

classification. It does this by combining spectral 

richness and structural height information through 

attention-driven fusion. 

 

3.2 Datasets Description 

 

The following datasets together provide a full set of 

benchmarks for testing hyperspectral and LiDAR 

data fusion methods. This makes it possible to 

create models that can accurately classify different 

types of land cover in both urban and natural 

settings.  
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The University of Houston in the United States 

created the Houston 2013 dataset. It has been used 

a lot in research on combining hyperspectral and 

LiDAR data. This dataset has hyperspectral images 

with 144 spectral bands that cover the 380–1050 

nm range, as well as a Digital Surface Model 

(DSM) made from LiDAR data. There are 15 land-

cover classes in the data, and the training and 

testing sets have 2,832 and 12,197 pixels, 

respectively. The dataset is distinguished by its 

urban scene, showcasing a variety of man-made 

structures and vegetation, rendering it an exemplary 

benchmark for assessing data fusion algorithms 

designed for urban and natural land-cover 

classification tasks (Yang et al., 2024; Berger et al., 

2025). 

The Trento dataset, which was collected in Italy, 

adds to the variety by including hyperspectral data 

with 63 bands that range from 400 to 2500 nm and 

a single LiDAR DSM band. It has about 3,000 

training pixels and 15,000 testing pixels in six 

classes. The main focus is on agricultural 

landscapes with vineyards, apple orchards, and 

urban infrastructure (Zhang et al., 2023; Zhang et 

al., 2024). The dataset has been utilised to illustrate 

the efficacy of fusion models in agricultural and 

urban contexts. 

3.3 Preprocessing and Normalization 

Each dataset undergoes the same preprocessing 

pipeline: 

1. Noise Band Removal: 
Dead or water absorption bands are removed 

prior to normalization. 

2. Spectral Normalization: 
Each band is standardized independently: 

  𝑋′ =
𝑋−min(𝑋)

max(𝑋)−min(𝑋)
 

  ensuring all bands are within [0,1]. 
3. Spatial Alignment: 

LiDAR elevation maps are co-registered with 

HSI images to ensure pixel-level alignment. 

4. Patch Extraction: 
For every labeled pixel, a spatial neighborhood 

patch is extracted: 

  𝑃𝐻𝑆𝐼 ∈ ℝ𝑤×𝑤×𝑏ℎ , 𝑃𝐿𝑖𝐷𝐴𝑅 ∈ ℝ𝑤×𝑤×1 

  where 𝑤 is patch size (typically 11 or 15), and 

𝑏ℎ is the number of spectral bands. 

Each patch serves as one training sample. 

3.4 Proposed CAFN Framework 

The suggested Cross-Attention Fusion Network 

(CAFN) combines convolutional, attention, and 

recurrent modules to get features that are useful at 

different scales. 

(a) Input Representation 

Inputs are taken from two co-registered data 

sources: 

𝑋𝐻𝑆𝐼 ∈ ℝ1×1×𝑏ℎ , 𝑋𝐿𝑖𝐷𝐴𝑅 ∈ ℝ1×1×𝑏𝑙 

Where, 𝑏ℎ and 𝑏𝑙are the spectral and LiDAR 

feature dimensions, respectively.  

Each pixel’s spectral and elevation vectors are 

normalized independently to zero mean and unit 

variance. 

(b) Dual-Branch CNN Feature Extraction 

Separate CNN encoders encode both modalities so 

that they can learn representations that are specific 

to each modality: 

𝐹𝐻𝑆𝐼 = CNN𝐻𝑆𝐼(𝑋𝐻𝑆𝐼), 𝐹𝐿𝑖𝐷𝐴𝑅
= CNN𝐿𝑖𝐷𝐴𝑅(𝑋𝐿𝑖𝐷𝐴𝑅) 

There are two 1×1 convolutional layers in each 

encoder, followed by Batch Normalization and 

ReLU activation: 

𝐹𝑜𝑢𝑡 = ReLU(BN(Conv1×1(𝐹𝑖𝑛))) 
These layers compress spectral and height features 

while keeping the most important information. 

(c) Feature Fusion and Attention Refinement 

In the Cross-Attention Fusion mechanism Given 

encoded features 𝐹𝐻𝑆𝐼 and 𝐹𝐿𝑖𝐷𝐴𝑅: 

𝑄 = 𝑊𝑄𝐹𝐻𝑆𝐼 , 𝐾 = 𝑊𝐾𝐹𝐿𝑖𝐷𝐴𝑅 , 𝑉 = 𝑊𝑉𝐹𝐿𝑖𝐷𝐴𝑅 

The attention weights are computed as: 

𝐴 = Softmax(𝑄𝐾𝑇) 
and the fused feature representation is obtained by: 

𝐹𝑓𝑢𝑠𝑒𝑑 = 𝐹𝐻𝑆𝐼 + 𝐴⊙𝑉 

This formulation enables the HSI features to 

selectively focus on pertinent LiDAR-derived 

spatial-structural information, thereby augmenting 

the discriminative capacity of the joint 

representation. 

(d) classification layer 

The combined feature for classification, 𝐹𝑓𝑢𝑠𝑒𝑑 

goes through a fully connected network with two 

layers: 

𝑦 = Softmax(𝑊2 ReLU(𝑊1𝐹𝑓𝑢𝑠𝑒𝑑 + 𝑏1) + 𝑏2) 

This produces the outputs class predictions for each 

pixel. 

(e) Training Strategy 

The modal is trained end-to-end using the Cross-

Entropy Loss: 

ℒ = −∑𝑦𝑖log⁡(𝑦̂𝑖)

𝑁

𝑖=1
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3.5 System Workflow and Mathematical 

Summary 

Figure 1 is the workflow of Cross-Attention Fusion 

Network Framework 

3.6 Evaluation Metrics 

Each experiment is evaluated using: 

𝑂𝐴 =
∑ 𝑛𝑖𝑖𝑖

∑ 𝑛𝑖𝑗𝑖,𝑗
× 100 

𝐴𝐴 =
1

𝑁
∑

𝑛𝑖𝑖
∑ 𝑛𝑖𝑗𝑗

𝑖

× 100 

𝜅 =
𝑝𝑜 − 𝑝𝑒
1 − 𝑝𝑒

 

where 𝑛𝑖𝑗 are confusion matrix elements, 𝑝𝑜 is 

observed accuracy, and 𝑝𝑒 is expected accuracy by 

chance. 

3.7 Cross-Dataset Generalization 

To validate robustness, Cross-Attention Fusion 

Network is trained and tested on each dataset 

independently while keeping identical 

hyperparameters (learning rate, epochs, patch size). 

Cross-dataset evaluation ensures that the model 

generalizes well to different: 

 Spatial resolutions 

 Spectral ranges 

 Scene types (urban, vegetation, campus) 

 

4. Results and Discussion 

 

This section offers an extensive assessment of the 

proposed Cross-Attention Fusion Network (CAFN) 

utilising two prevalent benchmark datasets: 

Houston 2013 and Trento. The proposed model 

successfully amalgamates spectral, spatial, and 

elevation cues from HSI and LiDAR modalities via 

cross-attention learning, facilitating enhanced 

feature representations for land-cover classification. 

4.1 Quantitative Evaluation 

The presented Cross-Attention Fusion Network 

(CAFN) was numerically tested in relation to two 

common benchmark datasets, including the 

Houston 2013 and Trento datasets, which are 

complex urban and agricultural settings, 

respectively. The two datasets have a 

complementary set of hyperspectral imagery (HSI) 

and LiDAR derived elevation data that are suitable 

in the evaluation of multimodal fusion frameworks 

effectiveness. The analysis concentrates on 3 

common remote sensing classification performance 

measures, including Overall Accuracy (OA), 

Average Accuracy (AA), and the Kappa coefficient 

(κ). These statistics allow a thorough analysis of the 

classification reliability both between balanced and 

unbalanced classes. Findings indicate that the 

offered CAFN architecture, a combination of dual-

branch CNN encoders and an adaptive cross-

attention fusion system, can be effective in other 

words to increase the discriminative ability of 

spectral-spatial and elevation-based features. 

(a) Houston 2013 Dataset 

The proposed model achieved an Overall Accuracy 

(OA) of 84.03%, an Average Accuracy (AA) of 

86.22%, and a Kappa coefficient of 0.827, 

demonstrating strong consistency between 

predicted and true labels. As shown in Table 4.1, 

most land-cover classes such as Healthy Grass, 

Tree, Residential, and Commercial achieved F1-

scores above 0.90, confirming the model’s 

robustness in distinguishing urban and vegetated 

surfaces. Misclassifications were mainly observed 

between Road, Parking Lot, and Shadow classes 

due to their similar spectral and textural 

characteristics.The classification report showed that 

most classes had precision and recall values higher 

than 0.85. The confusion matrix (Fig. 7) shows 

strong diagonal dominance, which means that the 

network was able to learn features that set HSI and 

LiDAR apart from each other.The classification 

map (Fig. 8) looks very similar to the ground truth, 

with clear lines between built-up and vegetated 

areas. This shows that the network can keep spatial 

coherence and reduction of noise. 

(b) Trento Dataset 

The model did better on the Trento dataset, with 

OA = 97.55%, AA = 97.65%, and Kappa = 0.967. 

This shows that it is very reliable and can 

generalise well. The per-class F1-scores were over 

0.97 for all six land-cover types (Apple trees, 

Buildings, Ground, Wood, Vineyard, and Road), 

which shows that it worked well for all classes, 

even the smaller ones.The classification report 

shows that major classes like Wood and Vineyard 

are almost perfectly matched, with precision and 

recall values close to 0.99. The confusion matrix 

(Fig. 9) also shows that there is very little confusion 

between classes, and the classification map (Fig. 

10) visually matches the ground truth map, showing 

that the boundaries are clearly defined and the 

segments are smooth. 

4.2 Ablation Study 

To evaluate the contribution of each component in 

the proposed fusion framework, an ablation study 

was conducted using four model variants: 

(1) HSI Only, 
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(2) LiDAR Only, 

(3) Concatenation-based Fusion, and 

(4) Cross-Attention Fusion (proposed). 

We did an ablation study with four model variants 

to see how each part of the proposed fusion 

framework worked: (1) HSI Only, (2) LiDAR Only, 

(3) Concatenation-based Fusion, and (4) Cross-

Attention Fusion (proposed). 

We compared the Houston2013 and Trento 

datasets, and the results are shown in Figures 11 

and 12. We used three standard measures to 

evaluate the performance: Overall Accuracy (OA), 

Average Accuracy (AA), and Kappa Coefficient 

(κ).The results show that the Cross-Attention 

Fusion model always does better than all the other 

configurations on both datasets. 

 The proposed fusion method got the best OA 

and κ values on the Houston2013 dataset, 

beating both single-modality models and the 

simple concatenation method. The HSI Only 

model did pretty well, which shows that 

hyperspectral features have a lot of useful 

information that can help tell them apart. The 

LiDAR Only model, on the other hand, 

performed much worse, which shows that 

elevation-based features are not very good at 

separating themselves when used alone. 

 The Concat Fusion model did better than the 

single-modality results by using both spectral 

and spatial cues that worked well together. 

However, it was still a little worse than the 

Cross-Attention Fusion model. 

 All of the fusion models did better on the 

Trento dataset because it was less complicated 

between classes. The Cross-Attention Fusion 

model once again showed that it could 

generalise better than other models by getting 

almost perfect OA and κ values. This proves 

that it can effectively combine information 

from different sources. 

The attention-based fusion mechanism dynamically 

assesses the contributions of hyperspectral and 

LiDAR modalities, resulting in more resilient and 

distinctive feature representations. These results 

show that the proposed fusion method works to 

improve land-cover classification performance 

across different remote sensing datasets. 

 

A. Results on Houston2013 Dataset 
Table 9 shows a summary of the ablation results for 

the Houston2013 dataset, and Fig. 11 shows them 

visually.The HSI-only model had a moderate 

classification accuracy of 78.6%, which shows how 

well hyperspectral data can represent different 

wavelengths. The LiDAR-only model, on the other 

hand, did not do well (OA = 12.5%) because it did 

not have enough spectral detail. The fusion-based 

models did much better than the single-modality 

models. The Cross-Attention Fusion Network was 

one of the best (OA = 84.0%, κ = 82.7%), which 

shows that adaptive feature interaction is better than 

static concatenation. 

 

B. Results on Trento Dataset 

Table 10 shows the results of the ablation for the 

Trento dataset, and Fig. shows them. 7. In this case, 

both the HSI and LiDAR modalities work well 

together to tell the difference between different 

types of land. The Concat Fusion method works 

very well (OA = 97.3%), and the new Cross-

Attention Fusion method makes the result even 

better (OA = 97.5%, κ = 96.7%). This shows that 

the attention-driven fusion scheme makes modality 

alignment and class separability better by 

dynamically focussing on more useful features.The 

(Fig. 11 and 12) show that both datasets' 

performance steadily improved as the 

configurations went from single-modality to fusion-

based. 

 

4.3 Result comparison 

 

Table 11 compares how well the proposed CAFN 

works for classification with a few of the best 

methods. The results demonstrate that the proposed 

method consistently surpasses existing techniques 

regarding Overall Accuracy (OA), Average 

Accuracy (AA), and Kappa coefficient (κ) across 

both datasets.The Houston 2013 dataset shows that 

the proposed CAFN framework gets 84.03% OA, 

86.22% AA, and κ = 82.70. This shows that cross-

attention greatly improves the transfer of spectral-

structural information between modalities. The 

slight drop in performance on Houston 2013 is 

mostly due to its complicated urban landscape and 

high class variability, which makes it harder to 

separate spectral and spatial data.CAFN gets 

97.55% OA, 97.65% AA, and κ = 96.74 on the 

Trento dataset, which is better than most CNN-

based and attention-based baselines. The strong 

results show that the model's cross-attention fusion 

mechanism and well-aligned dual-encoder 

representation work well to capture fine-grained 

correlations between hyperspectral and LiDAR 

modalities. This higher accuracy and Kappa value 

show that CAFN works well on structured 

agricultural and semi-urban terrains.In general, the 

comparison shows that the proposed CAFN strikes 

a good balance between interpretability, efficiency, 

and multimodal feature synergy, which makes it a 

good choice for real-world large-scale land-cover 

mapping tasks. 
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Figure 1. System Flow Diagram 

 

 

Figure 2. class description of Houstan13 dataset. 

 

 

Figure 3. HIS, LiDAR and ground truth image of Houstan13 dataset. 

 

Figure 4. Class description of Trento Dataset. 

 

Figure 5. HIS, LiDAR and ground truth image of Trento dataset. 
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Figure 6. Diagram of the proposed model architecture. 

 

Table 1 shows a math summary of the proposed model architecture. 

Component Formula Description 

Normalization 𝑋′ =
𝑋 − 𝜇

𝜎 + 𝜖
 Standardization per band 

CNN Encoder 𝐹 = ReLU(BN(Conv1×1(𝑋))) 
Extracts modality-specific spatial–spectral 

features 

Cross-Attention 

Query 

𝑄 = 𝑊𝑄𝐹𝐻𝑆𝐼 ,  𝐾 = 𝑊𝐾𝐹𝐿𝑖𝐷𝐴𝑅 ,  𝑉

= 𝑊𝑉𝐹𝐿𝑖𝐷𝐴𝑅 
Generates attention mappings 

Attention 

Weighting 
𝐴 = Softmax(𝑄𝐾𝑇) 

Learns correlations between HSI and 

LiDAR modalities 

Fusion Operation 𝐹𝑓𝑢𝑠𝑒𝑑 = 𝐹𝐻𝑆𝐼 + 𝐴⊙ 𝑉 Combines complementary features 

Classification 𝑦̂ = Softmax(𝑊2 ReLU(𝑊1𝐹𝑓𝑢𝑠𝑒𝑑)) Predicts final class label 

Loss Function ℒ = −∑𝑦𝑖log⁡(𝑦̂𝑖) Cross-entropy classification loss 

 

Table 2. Settings for Cross-Attention Fusion Network hyperparameters for the Houstan13 dataset. 

Parameter Description Value 

Optimizer Adam — 

Learning Rate Initial learning rate 0.001 

Weight Decay L2 regularization 1×10⁻⁵ 

Batch Size Training batch size 64 

Epochs Total training iterations 60 

Loss Function Cross-Entropy — 

Dropout Rate Fully connected layer dropout 0.3 

HSI Encoder Filters [128, 256] 1×1 Conv layers 

LiDAR Encoder Filters [64, 128] 1×1 Conv layers 

Fusion Mechanism Cross-Attention (Query–Key–Value) HSI↔LiDAR 

Pooling Global Average Pooling — 

Activation ReLU — 

Normalization Batch Normalization — 

Framework PyTorch (GPU enabled) — 

 

Table 3. Hyperparameter Settings forCAFN for Trento dataset 

Parameter Description Value 
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Parameter Description Value 

Optimizer Optimization algorithm used for parameter updates Adam 

Learning Rate (lr) Initial step size for optimization 0.001 

Weight Decay L2 regularization to prevent overfitting 1 × 10⁻⁵ 

Loss Function Objective function for training Cross-Entropy Loss 

Batch Size Number of samples per training batch 64 

Epochs Number of full training iterations 60 

Dropout Rate Dropout applied in fully connected layer 0.3 

Activation Function Non-linear activation function ReLU 

Normalization Batch normalization after convolutional layers Applied 

Fusion Mechanism Cross-Attention Fusion (learns inter-modal dependencies) Yes 

HSI Encoder Filters Number of filters in HSI encoder conv layers 128, 256 

LiDAR Encoder Filters Number of filters in LiDAR encoder conv layers 64, 128 

Fusion Feature Dimension Output dimension after fusion 256 

HSI Input Channels Number of HSI spectral bands 63 (Trento dataset) 

LiDAR Input Channels Number of LiDAR features 2 

Train/Test Split Ratio Ratio of data split for training and testing 70 / 30 

Device Computation platform GPU (CUDA) if available 

 

 

Table 4. Overall Accuracy of Houstan13 dataset. 

Metric OA (%) AA (%) Kappa 

Proposed (Houston 2013) 84.03 86.22 0.827 

 
Table 5. classification report for houstan13 dataset. 

Class Precision Recall F1-score Support 

0 0.952 0.852 0.899 1053 

1 0.864 0.975 0.916 1064 

2 0.895 0.996 0.943 505 

3 0.973 0.945 0.959 1056 

4 0.980 0.983 0.982 1056 

5 0.931 0.944 0.938 143 

6 0.828 0.823 0.825 1072 

7 0.847 0.802 0.823 1053 

8 0.668 0.805 0.730 1059 

9 0.842 0.474 0.607 1036 

10 0.859 0.879 0.869 1054 

11 0.803 0.681 0.737 1041 

12 0.356 0.804 0.493 285 
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Class Precision Recall F1-score Support 

13 0.895 0.996 0.943 247 

14 0.998 0.977 0.987 473 

Accuracy 
  

0.840 12197 

Macro avg 0.846 0.862 0.843 12197 

Weighted avg 0.858 0.840 0.841 12197 

 

Figure 7. Confusion matrix produced on Houstan13 dataset. 

 

 
Figure 8. Houstan 2013 ground truth and classification map. 

 
Table 6. Overall Accuracy of the Trento Dataset 

Metric OA (%) AA (%) Kappa 

Proposed (Trento) 97.55 97.65 0.967 

 

Table 7. classification report for houstan13 dataset 

Class Precision Recall F1-score Support 

0 0.903 0.957 0.929 1210 

1 0.986 0.976 0.981 871 

2 0.993 0.986 0.990 144 

3 0.999 0.999 0.999 2737 

4 0.981 0.960 0.970 3151 
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Class Precision Recall F1-score Support 

5 0.976 0.981 0.979 952 

Accuracy 
  

0.976 9065 

Macro avg 0.973 0.976 0.975 9065 

Weighted avg 0.976 0.976 0.976 9065 

 

 

Figure 9. Confusion matrix prepared from the Trento dataset. 

 
Figure 10. a classification map of Trento data that shows the classification and ground truth. 

 

Table 8. description of model and performance trends. 

Model Description Performance Trend 

HSI Only Uses only hyperspectral data 
Moderate accuracy; strong spectral 

representation 

LiDAR Only Uses only LiDAR elevation data 
Poor accuracy due to limited class 

separability 

Concat Fusion Simple concatenation of HSI and LiDAR features Improved accuracy; lacks adaptive weighting 

Cross-Attention 

Fusion 

Proposed method using attention-based feature 

fusion 

Highest OA, AA, and Kappa across both 

datasets 

Table 9.Performance Comparison on Houston2013 Dataset 

Model OA (%) AA (%) Kappa (%) Remarks 

HSI Only 78.6 81.7 77.4 Strong spectral feature extraction 

LiDAR Only 12.5 15.2 10.8 Insufficient elevation-only features 
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Model OA (%) AA (%) Kappa (%) Remarks 

Concat Fusion 86.3 87.9 82.1 Gains from multimodal representation 

Cross-Attention Fusion (Proposed) 84.0 86.2 82.7 Adaptive cross-modality learning 

 
Figure 11.  Houston2013 Dataset showing a comparison of OA, AA, and Kappa. 

Table 10. Performance Comparison on Trento Dataset 

Model 
OA 

(%) 

AA 

(%) 

Kappa 

(%) 
Remarks 

HSI Only 92.5 91.8 89.9 Reliable performance using spectral data 

LiDAR Only 78.6 63.4 70.1 Spatial-elevation cues less discriminative alone 

Concat Fusion 97.3 97.4 96.6 
Complementary information enhances 

classification 

Cross-Attention Fusion 

(Proposed) 
97.5 97.6 96.7 

Best performance through adaptive feature 

weighting 

 
Figure 12. Trento Dataset displaying OA, AA, and Kappa comparison 

 

Table 11. A performance comparison of different methods worked on the Houston 2013 and Trento datasets. 

Method Architecture Type 
Houston2013 (OA 

%) 

Trento (OA 

%) 

Houston2013 

(Kappa%) 

Trento 

(Kappa %) 

MAFN 
Multimodal Attention Fusion 

Network 
94.94 95.10 93.24 93.44 

IF  
Interconnected Fusion (Self + 

Cross Attention) 
82.74 97.20 81.27 96.24 
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Method Architecture Type 
Houston2013 (OA 

%) 

Trento (OA 

%) 

Houston2013 

(Kappa%) 

Trento 

(Kappa %) 

Proposed CAFN 

(Ours) 
Cross-Attention CNN Fusion 84.03 97.55 82.70 96.74 

 

4.4 Discussion 

The model consistently outperformed or matched 

other configurations in both datasets, showing that 

it is effective at using the complementary features 

of HSI and LiDAR data. The attention module 

enables the network to selectively concentrate on 

pertinent spectral-spatial cues while filtering out 

superfluous information, leading to increased 

classification stability and enhanced generalisation. 

These results validate that attention-based 

multimodal fusion offers a more effective approach 

for integrated remote sensing analysis than mere 

feature concatenation. In general, the suggested 

Cross-Attention Fusion Network is a strong and 

flexible way to combine spectral, spatial, and 

structural features in remote sensing classification 

tasks. 

 

5. Conclusion and Future Work 

 

This paper has introduced a Cross-Attention Fusion 

Network (CAFN) to provide effective multimodal 

land-cover classification, which utilizes the 

hyperspectral (HSI) and lightshed data. The given 

framework combines the two-branches of CNN 

encoders to extract features specific to each 

modality and a cross-attention fusion system that is 

able to adjust spectral-spatial and elevation signals. 

Through the discovery of how HSI and LiDAR 

characteristics interact with one another, the model 

generates more discriminative and context-sensitive 

fused representations without utilizing recurrent or 

sequence spectral modelling. CAFN framework 

performed well in two benchmark datasets, namely, 

Houston 2013 and Trento, with a high Overall 

Accuracy of 84.03 and 97.55, respectively, and 

high Kappa coefficients, which means that there is 

an impressive agreement with the ground truth. The 

ablation results also determined that the fusion of 

cross-attention is much better than single-modality 

models and simple concatenation of features, which 

shows the significance of adaptive interaction of 

features in multimodal remote sensing. 

The findings in general indicate that attention-based 

fusion can offer an effective and efficient method 

of combining spectral, spatial, and structural 

elevation information. CAFN is a potentially useful 

solution to large-scale or resource-constrained 

remote sensing due to its modularity and low 

computational cost. 

The proposed framework can be extended in the 

future in the following ways: 

a. Introducing Transformer-based global fusion, 

which allows the learning of long-range cross-

modal associations across local CNN receptive 

fields. 

b. Placing the benefit of semi-supervised, self-

supervised, or contrastive learning on 

generalisation to the limited labelled data, which is 

common to the real world of remote sensing. 

c. Implementing the cross-scene, cross-sensor and 

cross-season domain adaptation pipelines to 

improve the robustness in the face of the real-world 

application like precision agriculture, 

environmental monitoring, city planning, etc. 

d. Including explainability models (attention 

visualisation, CAM/Grad-CAM, saliency analysis) 

to improve the understanding of fusion behaviour 

and to enable trusted AI in remote sensing. 

Combining these improvements, the CAFN model 

can transform into a more flexible, explainable and 

generalisable multimodal fusion model that can be 

applied on large scale operational remote sensing 

actions. 
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