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Abstract 

In recent years, the rapid development of geospatial intelligence and remote sensing 
technologies has brought new ways to study land cover. By combining different data 
sources, such as hyperspectral and LiDAR data, the AI model's land cover 
classification accuracy reaches new heights. Yet, due to the difference in data 
extraction and processing, the fusion of two data types is challenging. This paper 
presents a novel model that combines two input data sources, hyperspectral and 
LiDAR, to improve the application of machine learning (ML) or artificial intelligence 
(AI) in land cover classification. This is a new network based on GNNs and Mamba, 
leveraging multi-source HSI and LiDAR data to enhance classification results. In this 
paper, the Gated Recurrent Units (GRUs) and Vision Transformers (ViTs) were 
selected to enhance performance. By integrating GRUs and ViTs into GNN and 
Mamba frameworks, the proposed networks aim to leverage the strengths of these 
components to address challenges in multi-source HSI and LiDAR data classification. 
All 3 models show outstanding performance across the 3 datasets (MUFFL, Trento, 
and Houston). By introducing cutting-edge and diverse ML/AI models and 
components tailored to different tasks, this paper aims to explore the application 
prospects of ML/AI in land cover studies that could benefit the wider community. 

Keywords: Vision Transformers, Gated Recurrent Units, GNN, Mamba, LCLU, 
LiDAR, RS, Hyperspectral image 
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1. Introduction 

Over the past century, advances in remote sensing have 
significantly enhanced geospatial analysis by providing 
abundant and diverse Earth observation data (Zhang et al. 
2022; Macarringue et al. 2022; Jaelani et al. 2025). The 
increasing availability of multi-source remote sensing 
datasets has opened new opportunities for 
comprehensive environmental monitoring while 
simultaneously introducing substantial analytical 
challenges (Kadhim et al. 2025; Madroñero Palacios and 
Muñoz Guerrero 2025). Among these data types, 
hyperspectral imagery (HSI) plays a critical role in 
environmental monitoring and mineral exploration due to 
its rich spectral resolution, which enables detailed 
characterization of surface materials (Zhang et al. 2024; 
Sun et al. 2022). 

Despite their potential, HSIs face inherent challenges. Due 
to its passive nature, HSIs are sensitive to interference 
from atmospheric conditions and other physical factors, 
including instrumental limitations. These factors have a 
huge impact on the results in particle applications. For 
example, there is high variability in response in the 
"Stressed Grass" class in the Houston2013 dataset. This 
variability is also found in other HSI datasets (Zhang et al. 
2024; Sun et al. 2022; Xie et al. 2021; Du et al. 2021). 
These challenges highlight the need for complementary 
data sources to enhance robustness. 

In order to overcome the limitations that come with the 
use of hyperspectral imaging (HSI)-based classification, 
the synergistic approach of Light Detection and Ranging 
(LiDAR) combined with HSI has become a practical and 
complementary solution. Unlike HSI, LiDAR is an active 
remote sensing method, which emits laser pulses and 
observes the reflected pulses. It is capable of retrieving 
high-resolution elevation data and the spatial structure 
data, which are extremely beneficial for terrain 
classification and the process of defining objects (Zhang et 
al. 2024). This complementary spatial–structural 
information is highly valuable for terrain analysis and 
object delineation. The fusion of HSI and LiDAR data has 

been widely studied, and currently used methods can be 
categorized into three broad categories: data fusion, 
feature fusion, and decision fusion strategies (Hussain et 
al. 2024; Ignatious 2024; Qureshi et al. 2023). The most 
common of these is feature-level fusion, which gives a 
good trade-off between the computation complexity and 
classification performance by fusing multiple bits of 
information into one feature representation. 

Traditional feature-level fusion methods include filter-
based algorithms such as morphological profiles (MPs), 
attribute profiles (APs), and extinction profiles (EPs), 
which effectively capture shallow spatial morphological 
structures while preserving geometric information (Zhao 
and Zhang 2024; Kumar et al. 2024). Their simplicity and 
efficiency make them attractive to many applications; 
however, they are susceptible to the Hughes 
phenomenon because of high-dimensional feature spaces 
and an additional need for processing to enhance the 
outputs. 

To mitigate the curse of dimensionality, low-rank 
representation models have been developed to project 
high-dimensional data into compact subspaces while 
retaining discriminative characteristics (Butt et al. 2023). 
Composite kernel techniques are another widely used 
technique that splits spectral, spatial, and elevation data 
and then assembles them with different kernel learning 
models. These are effective strategies that leverage the 
localized methods of filtering and have proven quite 
precise in challenging classification problems. 
Nevertheless, they are limited in their generalizability and 
adaptability to a variety of different or new settings as 
they are dependent on manually designed feature 
extractors, thus restricting their application in a more 
dynamic or broader context. 

With the rapid advancement of deep learning, 
Convolutional Neural Networks (CNNs) have become 
dominant in HSI–LiDAR classification tasks due to their 
hierarchical feature extraction capabilities and strong 
representational power (Alzubaidi et al. 2021; Kattenborn 
et al. 2021). CNN-based models excel at feature fusion, a 
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process that extracts features from multiple modalities 
and combines them to improve classification 
performance. For example, Chen et al. used CNNs to get 
different types of data and then used deep network layers 
to improve discriminative and invariant representations. 
This led to classification by logistic regression (Wang et al. 
2021). Zeng et al. suggested a cross-modal hierarchical 
frequency network for frequency domain classification, 
and Han et al. proposed a model with multi-scale 
convolutional kernels and Gaussian-weighted matrices to 
capture both spatial and spectral features at the same 
time, resulting in strong classification results (Zeng et al. 
2024). These methods have demonstrated strong 
performance; however, CNNs inherently emphasize local 
receptive fields and may struggle to capture long-range 
contextual dependencies. 

Transformer-based architecture has recently emerged as a 
powerful alternative due to its self-attention mechanisms, 
which effectively model global dependencies. Vision 
Transformers (ViTs) treat images as sequences of patches, 
enabling direct modeling of long-range spatial 
relationships. In remote sensing applications, transformer-
based models have shown superior performance in 
handling complex, high-dimensional, and multi-source 
data. Xue et al. put forward a deep hierarchical vision 
transformer that uses multi-head attention processes to 
improve domain generalization across a variety of 
landscapes (Xue et al. 2022). Wang et al. created a dual-
branch hybrid network that uses both CNNs and 
transformers to take advantage of the different features 
in data from several sources (Wang et al. 2023). Yao et al. 
also created a vision transformer framework that included 
a cross-modality attention module to find fine-grained 
spatial correlations at the pixel level (Yao et al. 2024). 

Nevertheless, transformer-based methods still face 
limitations, including insufficient cross-modal interaction 
modeling and inadequate preservation of edge and 
texture information, both of which are critical for fine-
grained land-use and land-cover (LULC) classification. 

State Space Models (SSMs) have emerged as a powerful 
option to all the above problems. They can express long-
range dependencies with almost linear computational 
complexity through convolutional processes. Mamba is an 
SSM-based architecture, which is characterized by high 
training and inference efficiency. This is due to the fact 
that it employs time-varying parameters and maximizes 
hardware performance. RSMamba is a special SSM model 
constructed through the Mamba structure, which is 
developed to be applied in categorizing remote sensing 
photographs (Chen et al. 2024). RSMamba splits input 
photos into overlapping patch tokens and processes them 
forwardly, backwardly, and randomly with common 
parameterized Mamba blocks. This structure is 
permissible in extracting worldwide contextual 
interconnections and making computation manageable. 
This makes it suitable for large-scale pre-training jobs that 
do not require many resources. The network architecture 
used in this study is based on RSMamba, as it is capable of 
being modified and expanded. 

In parallel, Graph Neural Networks (GNNs) have gained 
prominence for modeling relational structures in graph-
formatted data. Through message-passing mechanisms, 
GNNs aggregate information from neighboring nodes to 
encode both local and global contextual relationships. 
Graph Convolutional Networks (GCNs) and Graph 
Attention Networks (GATs) further enhance 
representation learning via spectral filtering and 
attention-based aggregation (Munir et al. 2024; Li et al. 
2024; Han et al. 2022, 2023). Despite challenges such as 
over-smoothing and scalability, recent advancements in 
sparse computation and adaptive attention mechanisms 
have significantly improved their applicability in geospatial 
analysis. 

Recurrent architectures, particularly Gated Recurrent 
Units (GRUs), provide efficient mechanisms for modeling 
sequential dependencies (Chung et al. 2014). GRUs are 
ideal for modeling time series data (i.e., sequential data) 
since information flow in the network is governed by their 
gating mechanisms. The update gate controls the intensity 
of the retention and transmission of old information, 
which simplifies the learning of long-term dependencies. 
The reset gate, conversely, determines the amount of the 
past information to be added to the present input. This 
allows the model to concentrate on short-term trends as 
required. These dynamic gates enable GRUs to easily 
adapt to different time dependencies, improving the 
model's ability to learn from sequences of varying lengths. 
GRUs are simpler in comparison to Long Short-Term 
Memory (LSTM) networks. LSTMs contain three gates—
input, forget, and output—and discrete memory cells. 
GRUs, conversely, incorporate these functions into two 
gates and do not use separate memory cells. This makes 
GRUs more suitable for training and inference as it 
reduces the number of parameters and decreases 
computational cost (Chung et al. 2014; Emmert-Streib et 
al. 2022; Sherstinsky 2020; DiPietro et al. 2020). GRUs are 
relatively effective in capturing short-term and long-term 
dependencies in spite of being structurally simple. They 
achieve similar or even higher performance in most 
situations than LSTMs. Their efficiency makes them well-
suited for temporal modeling and sequential feature 
integration in multi-modal fusion frameworks. 

Another architecture, called Vision Transformer or ViT, was 
proposed by Dosovitskiy et al. in 2020, extending 
transformer architectures to image processing by 
representing images as sequences of patches enriched with 
positional encodings. Through multi-head self-attention 
mechanisms, ViTs effectively model global spatial 
interactions. Although they require large-scale pre-training 
due to limited inductive biases, variants such as DeiT (Data-
efficient Image Transformer) enable data-efficient training 
(Yang et al. 2024; Anzum et al. 2024; Touvron et al. 2021). 
ViT has already established itself as a significant aspect of 
enhancing deep learning for computer vision by providing a 
novel method of image representation and being more 
effective in large-scale settings. 

To address the limitations of existing approaches, this 
paper proposes a novel hybrid architecture that integrates 

https://doi.org/10.30955/gnj.08129


4  YIN et al. 

https://doi.org/10.30955/gnj.08129      Global NEST Journal, 28(4), 08129 

Graph Neural Networks (GNNs) and Mamba-based State 
Space Models for multi-source HSI–LiDAR classification. To 
further enhance performance, the framework 
incorporates GRUs for sequential feature refinement and 
Vision Transformers for global attention modeling. 

By synergistically combining relational modeling (GNN), 
long-range efficient dependency learning (Mamba), 
sequential adaptation (GRU), and global contextual 
awareness (ViT), the proposed network effectively 
addresses the complexity and heterogeneity of multi-
source remote sensing data. This integrated framework 
significantly improves classification accuracy and 
robustness for fine-grained land cover mapping. The 
remainder of this paper is organized as follows: Section 2 
introduces the datasets and model architecture; Section 3 
presents experimental results; Sections 4 and 5 provide 
discussion and conclusions. 

2. Dataset and Method 

2.1. Data description 

For the testing of the model, 3 datasets, Trento, MUUFL, 
and Houston 2013 (Figure 1), are used for comparison 
with other methods (Zhang et al. 2024) since some of the 
existing models are only trained and tested with certain 
datasets. The datasets are all well-established HIS/LiDAR 
datasets for training and testing models for their ability to 
identify and analyze land cover. 

 

Figure 1. Datasets visualization of 3 datasets (a) Ground Truth; 

(b) Hyper-Spectral Image; (c) LiDAR Image. 

The Trento dataset was collected over a rural area south 
of Trento, Italy. It comprises 600 × 166 pixels and includes 
LiDAR DSM data acquired using the Optech ALTM 3100EA 
sensor, alongside hyperspectral data captured by the AISA 
Eagle sensor, both with a spatial resolution of 1 meter. 
The hyperspectral data consists of 63 bands, covering 
wavelengths from 402.89 to 989.09 nm with a spectral 
resolution of 9.2 nm. Six classes of interest were identified 
in this dataset: Building, Woods, Apple Trees, Roads, 
Vineyard, and Ground. 

The MUUFL dataset was collected near the University of 
Southern Mississippi Gulf Park in Long Beach, Mississippi 
(2010), using the Reflective Optics System Imaging 
Spectrometer (ROSIS) sensor. It consists of 325 × 220 
pixels with 72 spectral bands, accompanied by LiDAR data 
containing elevation information from two raster sets. 
Due to noise, the first and last eight spectral bands were 

removed, leaving 64 bands. The dataset includes 53,687 
ground-truth pixels, classified into 11 distinct urban land-
cover categories. 

The Houston 2013 dataset, supplied by the Hyperspectral 
Image Analysis Group and the NSF-funded Airborne Laser 
Mapping Center (NCALM) at the University of Houston, 
was originally developed for scientific research and 
featured in the IEEE GRSS Data Fusion Competition 2013. 
It consists of 144 spectral bands covering wavelengths 
from 0.38 to 1.05 μm. The dataset includes 349 × 1,905 
pixels with a spatial resolution of 2.5 meters and is 
categorized into 15 distinct classes. 

The detailed sample size for each dataset is listed in Table 
1. In the MUFFL dataset, the number of samples is below 
150, except for the Tree class. This choice is made based 
on the total number of samples, which are very small for 
some classes (Water, Yellow curb, and Cloth panels) but 
by comparison very large for the Tree class. The Trento 
dataset has a 150 train sample per class due to the more 
balanced total sample size for all the classes. The Houston 
dataset has 12 classes with 120 training samples and 3 
classes with 75 training samples, also selected based on 
the total number of samples per class. The overall training 
size is kept low to reduce the overfitting issue and reduce 
the learning process. Since the dataset contains many 
bands (63, 72, and 144), we reduce the number of training 
samples to reduce the learning time. 

2.2. Model structure 

The proposed models (Graph Mamba with ViT-only, Graph 
Mamba with GRU-only, and GMVG-Graph Mamba with 
ViT and GRU) are multi-module network that utilizes 
Vision Transformer (ViT) (Liu et al. 2023), Graph Attention 
network(GNN-GAT) (Munir et al. 2024; Li et al. 2024; Han 
et al. 2023), and Gated Recurrent Units (GRUs) for feature 
extraction and classification. 

The model structure is shown in Figure 2. 

 

Figure 2. Model Structure of the three networks: (a) Graph-

Mamba with ViT-only; (b) Graph-Mamba with GRU-only; (c) 

Graph-Mamba with ViT and GRU (GMVG) 

The three models share a similar structure, where the 
GMVG has both ViT and GRU added to the process, 
whereas the ViT-only and GRU-only models contain only 
one of the modules. The GMVG first extracts the patch, 
uses ViT (detailed structure shown in Figure 3) to extract 
features (first feature group), and then uses Multipath 
Mamba (Chen et al. 2024) to extract features further. The 
extracted feature passes through 3 layers of GRU before 
converting to the linear layer (second feature group). 
Next, split an image into multiple polygons, each polygon 
as a node of the graph, forming a graph structure. Then, 
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GAT was used to extract graph features (third feature 
group), and finally, a linear layer was used to get the final 
classification result using the 3 feature groups extracted 
and processed by different modules. 

3. Result 

Model performance is quantified using four key metrics—
overall accuracy (OA), average accuracy (AA), the kappa 
coefficient, and per-class classification accuracy—with 
higher scores on each metric denoting superior 
classification results. 

A higher value for each indicator indicates a better 
classification effect. The calculation functions are listed 
below: 
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The overall OA, AA, and Kappa of the 4 different models 
are shown in Table 2. Across MUUFL, Trento, and 
Houston, the confusion matrices and class-wise accuracy 
tables highlight two consistent themes. The datasets differ 
in intrinsic difficulty, and methods with stronger multi-
modal/structural modeling tend to reduce systematic 
confusion that affects minority or spatially thin classes. 
Table 1 reinforces this observation: MUUFL yields the 
lowest OA/AA/κ across methods, Trento approaches 
saturation for all models, and Houston lies in between, 
where residual errors are concentrated in spectrally 
similar urban surfaces. 

Table 1. Sample size by class of the 3 datasets 

MUFFL Trento Houston 2013 

Class Train All Class Train All Class Train All 

Trees 550 23246 Healthy grass 150 4034 Healthy grass 120 1131 

Mostly grass 150 4270 Stressed grass 150 2903 Stressed grass 120 1134 

Mixed ground 150 6882 Synthetic grass 150 479 Synthetic grass 120 577 

Dirt and sand 150 1826 Tree 150 9123 Tree 120 1124 

Road 150 6687 Soil 150 10501 Soil 120 1122 

Water 80 466 Water 150 3174 Water 75 250 

Building 

shadow 
150 2233    Residential 120 1148 

Building 150 6240    Commercial 120 1124 

Sidewalk 150 1385    Road 120 1132 

Yellow curb 80 183    Highway 120 1107 

Cloth panels 80 269    Railway 120 1115 

      Parking lot 1 120 1113 

      Parking lot 2 75 394 

      Tennis court 75 353 

      Running track 120 540 

Table 2. OA, AA, and kappa results of the 4 different models 

Model Dataset OA AA Kappa 

CMFAEN 

MUUFL 0.928 0.7945 0.9037 

Trento 0.9978 0.9962 0.9965 

Houston13 0.9409 0.947 0.9339 

GMV 

MUUFL 0.9046 0.7507 0.8738 

Trento 0.9894 0.983 0.9858 

Houston13 0.9689 0.9708 0.9664 

GMG 

MUUFL 0.8943 0.7495 0.8602 

Trento 0.9933 0.9901 0.991 

Houston13 0.9772 0.9755 0.9699 

GMVG 

MUUFL 0.9233 0.925 0.8972 

Trento 0.9912 0.9863 0.9882 

Houston13 0.975 0.9761 0.972 
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For MUUFL, the confusion matrices (Figure 4) reveal clear 
robustness gaps among the four methods. Although all 
approaches perform well on dominant classes such as 
Trees and Building, the single-stream baselines show 
substantial off-diagonal leakage for spectrally similar 
vegetation/material categories and for thin urban objects. 
ViT-only (OA = 90.46%, AA = 75.07%, κ = 87.38) exhibits 
notable confusion between Mostly grass and Mixed 
ground. ViT-only performs poorly on boundary-sensitive 
minority classes, including Water (43.29%), Sidewalk 
(44.72%), and Yellow curb (41.34%). GRU-only (OA = 
89.43%, AA = 74.95%, κ = 86.02) reduces some confusions 
in a few categories, but remains weak on fine-grained 
urban features, with particularly low accuracies for 
Sidewalk (31.23%) and Yellow curb (8.38), consistent with 
heavy misclassification concentrated in those rows of the 
confusion matrix. 

 

Figure 3. Detailed structure of ViT (Vision Transformer). 

 

Figure 4. Confusion Matrix on MUUFL dataset of (a) ViT-only, (b) 

GRU-only, (c) GMVG, and (d) CMFAEN (Zhang et al. 2024). 

In contrast, GMVG produces a much cleaner diagonal and 
substantially reduced off-diagonal mass, achieving OA = 
92.33%, AA = 92.25%, and κ = 89.70, as also reflected in 
Table 1. The key improvement is not merely higher OA, 
but the dramatic increase in class-wise balance, indicating 
that GMVG preserves decision boundaries for categories 
that are typically difficult under HSI/LiDAR fusion due to 
mixed pixels, spectral ambiguity, and limited samples. This 
is strongly supported by Table 3, where GMVG sharply 
improves minority and thin classes such as Water 
(98.45%), Sidewalk (85.99%), and Yellow curb (96.12), 
while remaining competitive on dominant categories (e.g., 
Road and Building). Although CMFAEN achieves slightly 
higher OA (92.80%) and κ (90.37), its AA is much lower 
(79.45), indicating that its gains are less uniform across 
classes; this imbalance is evident in weak minority-class 
performance such as Water (54.11%), Sidewalk (57.48%), 
and Yellow curb (37.43), consistent with a more diffuse 
off-diagonal structure. Overall, MUUFL results indicate 
that MVG's main advantage is robust, class-balanced 
improvements, rather than accuracy gains concentrated 
on the easiest or largest categories. The result 
classification maps are shown in Figure 5. 

For Trento, all four models achieve near-saturated 
performance, as shown in Figure 6 and Table 4, with 
strong diagonal dominance and minimal off-diagonal 
leakage, consistent with the overall metrics in Table 3 (all 
OA values ≥ 98.94%). ViT-only already provides high 
reliability (OA = 98.94%, AA = 98.30%, κ = 98.58), with 
perfect recognition of Ground and Wood (100% each), 
while residual errors are mainly localized to confusion 
between Roads and Buildings (Roads = 94.21%, Buildings = 
96.19%). GRU-only further improves consistency (OA = 
99.33%, AA = 99.01%, κ = 99.10), notably boosting 
Buildings (99.24%) and Roads (96.63%), indicating better 
separability when spectral cues are similar but contextual 
patterns help disambiguation. GMVG remains highly 

competitive (OA = 99.12%, AA = 98.63%, κ = 98.82), 
showing stable performance across vegetation types such 
as Apple trees (99.28%) and Vineyard (99.66%), but still 
trails GRU-only and CMFAEN on the most confusable 
urban surface (Roads, 95.37%) 

Table 3. Classification accuracy by class of MUUFL dataset 

Class ViT-only GRU-only MVG CMFAEN 

Trees 97.2 96.25 95.74 97.51 

Mostly grass 79.98 83.9 85.87 83.76 

Mixed ground 84.49 77.29 82.03 90.51 

Dirt and sand 91.57 89.99 94.99 92.24 

Road 91.6 94.07 92.14 95.01 

Water 43.29 80.3 98.45 54.11 

Building shadow 84.95 82.25 95.25 83.26 

Building 95.7 94.96 94.6 98.01 

Sidewalk 44.72 31.23 85.99 57.48 

Yellow curb 41.34 8.38 96.12 37.43 

Cloth panels 70.88 85.82 95.24 86.59 

OA (%) 90.46 89.43 92.33 92.8 

AA (%) 75.07 74.95 92.25 79.45 

Kappa (%) 87.38 86.02 89.7 90.37 
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Figure 5. Classification Map of MUUFL dataset 

 

Figure 6. Confusion Matrix on Trento dataset of (a) ViT-only, (b) 

GRU-only, (c) GMVG, and (d) CMFAEN 

Table 4. Classification accuracy by class of the Trento 

Class ViT-only GRU-only MVG CMFAEN 

Apple trees 99.46 98.22 99.28 99.67 

Buildings 96.19 99.24 98.07 99.35 

Ground 100 100 99.39 100 

Wood 100 100 100 100 

Vineyard 99.91 99.96 99.66 99.99 

Roads 94.21 96.63 95.37 98.91 

OA (%) 98.94 99.33 99.12 99.78 

AA (%) 98.3 99.01 98.63 99.62 

Kappa (%) 98.58 99.1 98.82 99.65 

Table 5. Classification accuracy by class of the Houston 2013 dataset 

Class ViT-only GRU-only MVG CMFAEN 

Healthy grass 98.32 98.5 98.14 82.15 

Stressed grass 97.8 96.38 98.32 96.9 

Synthetic grass 100 99.31 99.83 99.21 

Tree 99.11 98.67 99.38 95.45 

Soil 99.82 100 100 99.91 

Water 100 99.2 100 100 

Residential 97.82 95.82 98.78 97.01 

Commercial 94.84 94.48 95.91 95.35 

Road 90.72 93.55 92.31 92.07 

Highway 99.19 99.1 99.37 95.75 

Railway 98.74 99.55 98.74 99.43 

Parking lot 1 90.48 97.57 91.91 81.36 

Parking lot 2 89.34 99.75 93.15 87.37 

Tennis court 100 100 99.72 99.19 

Running track 100 100 100 100 

OA (%) 96.89 97.72 97.5 94.09 

AA (%) 97.08 97.55 97.61 94.7 

Kappa (%) 96.64 96.99 97.2 93.39 

 

The strongest overall performance is achieved by CMFAEN 
(OA = 99.78%, AA = 99.62%, κ = 99.65), driven largely by 
improved handling of the built-environment confusion, 
especially Roads and Buildings. Collectively, Trento results 
suggest that the dataset's class separability is high, and 
performance differences are primarily dictated by subtle 

Roads–Buildings boundary ambiguity. The result 
classification maps are shown in Figure 7. 

For Houston, the confusion matrices again show strong 
discrimination across most categories, as shown in Figure 
8 and Table 5, but with meaningful differences in 
robustness driven by specific hard classes. ViT-only 
achieves high performance (OA = 96.89%, AA = 97.08%, κ 
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= 96.64), with near-perfect accuracies for Synthetic grass 
(100%), Soil (99.82%), Water (100%), Tennis court (100%), 
and Running track (100%). However, its errors cluster in 
spectrally similar urban surfaces, particularly Road 
(90.72%) and the two parking-lot categories (Parking lot 1 
= 90.48%, Parking lot 2 = 89.34). GRU-only improves 
global accuracy (OA = 97.72%, AA = 97.55%, κ = 96.99) and 
substantially strengthens the most confusing categories—
most notably Parking lot 1 (97.57%), Parking lot 2 
(99.75%), and Road (93.55)—suggesting that 
sequential/contextual modeling helps separate surfaces 
with subtle material and structural differences. GMVG 
delivers the most balanced overall outcome, achieving OA 
= 97.50%, the highest AA = 97.61%, and the best κ = 
97.20%, matching Table 4, indicating strong agreement 
beyond chance and consistently reliable class-wise 
behavior. Its stability is reflected in improved residential 
and commercial discrimination (Residential = 98.78%, 
Commercial = 95.91) while preserving near-perfect 
performance on structurally distinct categories. In 
contrast, CMFAEN is clearly less robust on the Houston 
2013 dataset (OA = 94.09%, AA = 94.70%, κ = 93.39), with 
pronounced drops for Healthy grass (82.15%) and Parking 
lot 1 (81.36), aligning with stronger off-diagonal leakage in 
the confusion matrix. The result classification maps are 
shown in Figure 9. 

 

Figure 7. Classification map of the Trento dataset 

Taken together, MUUFL is the most challenging 
benchmark, Trento is the easiest, and Houston occupies 
an intermediate regime where a few confusing urban 
classes dominate remaining errors. Within this landscape, 
GMVG's primary strength is its ability to improve class 
balance and reduce systematic confusions, particularly on 
the more difficult datasets (MUUFL and Houston), as 
evidenced by its markedly higher AA in MUUFL (92.25%) 
and the best κ in Houston (97.20%). This is especially 
important for practical LULC mapping, where thin or 
minority classes (e.g., curbs, sidewalks, water) are often 
the most operationally valuable and where OA alone can 

mask substantial weaknesses in rare-category 
performance. 

 

Figure 8. Confusion Matrix on Houston 2013 dataset of (a) ViT-

only, (b) GRU-only, (c) GMVG, and (d) CMFAEN 

 

Figure 9. Classification map of the Houston 2013 dataset 

4. Discussion 

The experimental results on MUUFL, Houston, and Trento 
demonstrate that dataset characteristics strongly mediate 
the relative strengths of competing fusion architectures. 
Trento exhibits near-saturated performance for all 
methods, indicating high intrinsic class separability, 
whereas MUUFL is markedly more challenging due to the 
presence of spectrally similar materials and spatially thin 
urban classes. Houston occupies an intermediate regime: 
most categories are well separated, but residual errors 
concentrate in visually and spectrally similar impervious-
surface classes (e.g., roads and parking lots). These 
patterns are consistently reflected in both the confusion 
matrices and the OA/AA/κ summaries. 
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On the Trento dataset, all four methods exhibit strong 
diagonal dominance and minimal off-diagonal leakage, 
indicating that most classes are inherently well separated. 
Even the single-stream baselines perform extremely well: 
ViT-only achieves OA = 98.94%, AA = 98.30%, and κ = 
98.58, with perfect recognition of Ground and Wood 
(100% each), while its remaining errors are largely 
confined to subtle confusion between Roads and Buildings 
(Roads = 94.21%, Buildings = 96.19%). GRU-only further 
improves these built-environment categories (OA = 
99.33%, AA = 99.01%, κ = 99.10), boosting Buildings to 
99.24% and Roads to 96.63%, suggesting that 
sequential/contextual modeling provides additional 
separability when spectral cues are similar but spatial 
context differs. In this near-saturation regime, GMVG 
remains competitive (OA = 99.12%, AA = 98.63%, κ = 
98.82) and performs strongly on vegetation discrimination 
(Apple trees = 99.28%, Vineyard = 99.66%), though it trails 
GRU-only and CMFAEN on the most confusable class 
(Roads = 95.37%). CMFAEN yields the best overall Trento 
results (OA = 99.78%, AA = 99.62%, κ = 99.65), primarily by 
reducing the small remaining Roads–Buildings ambiguity 
(Roads = 98.91%, Buildings = 99.35%). These findings 
indicate that when the dataset is relatively homogeneous, 
differences among architectures are driven by a narrow 
set of residual confusions rather than broad 
representational limitations. 

In contrast, the MUUFL dataset reveals substantial 
robustness gaps and highlights the limitations of single-
stream modeling. While ViT-only and GRU-only perform 
adequately on dominant categories (e.g., Trees and 
Building), both struggle severely on minority and spatially 
thin classes. ViT-only (OA = 90.46%, AA = 75.07%, κ = 
87.38) exhibits pronounced confusion between vegetation 
and mixed-material classes (Mostly grass vs. Mixed 
ground) and performs poorly on Water (43.29%), Sidewalk 
(44.72%), and Yellow curb (41.34). GRU-only (OA = 
89.43%, AA = 74.95%, κ = 86.02) reduces some confusions 
in a few categories but remains weak on fine-grained 
urban features, with particularly low performance on 
Sidewalk (31.23%) and Yellow curb (8.38), consistent with 
concentrated off-diagonal leakage in those rows of the 
confusion matrix. These results suggest that, on MUUFL, 
neither global attention alone (ViT-only) nor sequential 
dependency modeling alone (GRU-only) is sufficient to 
resolve the severe spectral and structural ambiguity 
present in thin, heterogeneous urban classes. 

By comparison, GMVG provides markedly more balanced 
performance on MUUFL, achieving OA = 92.33%, AA = 
92.25%, and κ = 89.70, with large gains in difficult 
categories (Water = 98.45%, Sidewalk = 85.99%, Yellow 
curb = 96.12%). Notably, although CMFAEN attains a 
slightly higher OA (92.80%) and κ (90.37), its AA (79.45%) 
remains much lower, indicating that its accuracy is less 
uniformly distributed and still limited on minority/high-
confusion categories (Water = 54.11%, Sidewalk = 57.48%, 
Yellow curb = 37.43). Thus, MUUFL emphasizes that class-
balanced reliability (AA) is the most informative indicator 
of robustness, and GMVG's primary advantage is its ability 

to reduce systematic confusion rather than only improve 
majority-class performance. 

For Houston, all methods achieve strong discrimination 
overall, but key differences emerge in challenging urban 
surfaces and spectrally similar categories. ViT-only already 
yields high performance (OA = 96.89%, AA = 97.08%, κ = 
96.64), with near-perfect results for classes such as 
Synthetic grass, Soil, Water, Tennis court, and Running 
track, but it shows lower accuracy for Road (90.72%) and 
both parking-lot categories (Parking lot 1 = 90.48%, 
Parking lot 2 = 89.34). GRU-only improves global metrics 
(OA = 97.72%, AA = 97.55%, κ = 96.99) and significantly 
strengthens the most confusing classes, especially Parking 
lot 1 (97.57%) and Parking lot 2 (99.75), suggesting that 
sequential/contextual modeling helps separate 
impervious surfaces with subtle material differences. 
GMVG achieves the most balanced overall behavior in the 
Houston dataset, reaching OA = 97.50% with the highest 
AA (97.61%) and best κ (97.20%), indicating consistent 
agreement beyond chance across classes. While GMVG 
does not outperform GRU-only on both parking-lot 
classes, it improves stability across the broader label 
space (e.g., Residential = 98.78%, Commercial = 95.91%, 
Highway = 99.37), reflecting fewer systematic biases 
toward easy categories. In contrast, CMFAEN shows 
reduced robustness on Houston (OA = 94.09%, AA = 
94.70%, κ = 93.39), with pronounced drops for Healthy 
grass (82.15%) and Parking lot 1 (81.36), consistent with 
stronger off-diagonal leakage in its confusion matrix. 

Architecturally, these outcomes align with the 
complementary strengths of the compared models. ViT-
only benefits from global self-attention and is effective 
when classes are well separated or when large-scale 
contextual cues dominate, but it can underperform on 
thin or minority classes when spectral ambiguity is high. 
GRU-only provides efficient sequential dependency 
modeling that can improve separability for structured 
surfaces (e.g., roads and parking lots in Houston), yet it 
lacks explicit mechanisms for rich spatial–topological 
reasoning. GMVG integrates these advantages by 
combining ViT-based global context, GRU-based 
sequential refinement, and GNN message passing for 
spatial–topological interactions, while leveraging Mamba 
state-space modeling to capture long-range dependencies 
with near-linear complexity. This synergy is most evident 
on difficult benchmarks, where GMVG substantially 
improves AA by reducing systematic confusions in 
minority and high-overlap categories. Nevertheless, the 
small performance trade-offs observed in near-saturated 
settings (e.g., slightly lower Roads accuracy on Trento) 
suggest that additional refinement—such as uncertainty-
guided loss weighting, adaptive class balancing, or 
targeted augmentation for the most confusable classes—
could further improve stability. 

Finally, the results underscore that model advances alone 
cannot fully overcome data constraints. Performance 
degrades most strongly in heterogeneous urban scenes 
with class imbalance, shadows, and high spectral overlap 
(as in MUUFL), highlighting the need for robust 
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preprocessing, domain adaptation, and augmentation. 
Moreover, the limited availability of diverse HSI–LiDAR 
benchmarks restricts the evaluation of transferability. 
Future work would benefit from larger, geographically and 
thematically diverse datasets, particularly spanning 
complex urban–vegetation and wetland–built interfaces, 
to more rigorously test cross-scene generalization. 

5. Conclusion 

This study evaluated ViT-only, GRU-only, CMFAEN, and 
the proposed GMVG framework for HSI–LiDAR land-cover 
classification across MUUFL, Houston, and Trento. The 
results demonstrate that GMVG is particularly effective in 
improving class balance and reducing systematic 
confusions on challenging benchmarks. On MUUFL, GMVG 
achieves a substantial increase in class-wise reliability (AA 
= 92.25%) and markedly improves difficult minority/thin 
categories such as Water, Sidewalk, and Yellow curb. In 
Houston, GMVG attains the strongest overall agreement 
beyond chance (κ = 97.20) and the highest AA (97.61), 
reflecting consistent performance across vegetation, built, 
and transportation classes. In Trento, where all models 
approach saturation, CMFAEN yields the best overall 
metrics (OA = 99.78%, AA = 99.62%), while GMVG remains 
competitive and demonstrates strong vegetation 
discrimination, with residual differences largely 
attributable to subtle Roads–Buildings boundary 
ambiguity. 

Beyond accuracy improvements, these findings support 
the broader conclusion that combining graph-based 
spatial reasoning, global-context attention, and efficient 
long-range state-space modeling provides a practical 
pathway for mitigating spectral redundancy and local 
ambiguity in multi-modal remote sensing classification. 
However, limitations remain—especially for minority and 
highly overlapped classes under severe urban 
heterogeneity—suggesting future gains from class-aware 
learning strategies (e.g., adaptive reweighting, 
uncertainty-guided loss design) and stronger domain 
generalization. 

Finally, while hyperspectral imagery offers unmatched 
spectral detail for fine-grained material discrimination, its 
limited temporal coverage constrains long-term 
monitoring applications. A promising direction is to 
integrate HSI–LiDAR fusion with dense multispectral time 
series (e.g., Landsat or Sentinel) to combine fine spectral–
structural mapping with regular temporal sampling. 
Extending GMVG toward spatiotemporal fusion, 
incorporating uncertainty estimation and (where 
appropriate) physics-informed constraints, would help 
move from static land-cover mapping toward dynamic, 
process-aware monitoring frameworks that better 
support long-term environmental assessment and 
decision-making. 
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