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Abstract: Hyperspectral imaging is an advanced imaging technique in the field of remote sensing that collects and
processes information from a wide range of electromagnetic spectra, including visible, near-infrared, and infrared wave-
lengths. Owing to its capacity to detect subtle spectral information, hyperspectral imaging is highly effective at discriminat-
ing among different geographic objects. Therefore, hyperspectral image classification, which aims to categorize each image
pixel into a certain meaningful class, has recently attracted increasing interest for real-world applications such as urban plan-
ning and vegetation monitoring. However, the very large amounts of data and high dimensionality of hyperspectral images
make it challenging to classify the image pixels accurately. One of the most important issues in hyperspectral image classifi-
cation is how to effectively extract the spectral—spatial features of the images. In recent years, deep learning techniques
with strong feature extraction abilities have performed well in hyperspectral image classification. Among them, graph neu-
ral network (GNN)-based methods have become salient with their excellent ability to handle irregular data, providing a new
research direction for hyperspectral image classification.

GNNs are a class of deep learning models that operate on graph-structured data. In GNN models, each node of the
graph represents an example, and each edge represents a relationship between a pair of examples. The representations for
each node can be learned by propagating information among nodes through graph convolution operations. This enables the
model to capture the complex relationships between nodes and perform tasks such as node classification and link predic-
tion. In hyperspectral image classification, GNNs can be used to learn spectral—spatial features by treating the image as a
graph, where each pixel or region represents a node and the relationships between neighboring pixels or regions are repre-
sented as edges. This paper provides a multi-level comparative analysis of the research progress in GNN-based hyperspec-
tral image classification from the perspectives of graph construction, graph convolution, model architecture, and optimiza-
tion strategies.

Approaches to graph construction are an important aspect of GNN-based hyperspectral image classification. There are
two main approaches to constructing a graph from a hyperspectral image, pixel-based and region-based. In pixel-based
methods, each pixel is treated as a node, as this is the most straightforward way to construct a graph. The weight between
each pair of nodes can be either precomputed or learned by the networks. Considering the high complexity of pixel-based
methods, region-based methods have been developed, in which each region is considered a node and the size of the graph
can be greatly reduced, resulting in efficient graph convolution operations. Region-based methods have recently been wide-
ly applied to hyperspectral image classification.

Additionally, the type of graph convolution is another important aspect of GNN-based hyperspectral image classifica-
tion. There are two main types of graph convolution, spectral-based and spatial-based. In spectral-based methods, filters

are introduced from the perspective of graph signal processing. Hence, this type of graph convolution typically has a solid
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mathematical foundation and has been widely adopted in hyperspectral image classification. By contrast, in spatial-based
methods, a weighted average function is utilized to perform convolution over the neighbors of each node. Compared with
spectral-based models, spatial-based models typically exhibit better flexibility and generalization ability.

Furthermore, selection of model architecture is crucial in GNN-based hyperspectral image classification. There exist
two main types of model architectures, monotypic and hybrid. In monotypic architecture, only a single type of deep model
(i.e., graph neural network) is utilized, which was adopted by many early-stage GNN-based methods. However, perfor-
mance is restricted by the inherent limitations of GNN models. To alleviate these limitations and further improve the perfor-
mance of hyperspectral image classification tasks, researchers have begun exploring hybrid model architectures that com-
bine GNN with other deep models. These hybrid models allow for the utilization of different sub-models to capture multi-
ple types of spectral—spatial features contained in hyperspectral images.

Finally, the choice of optimization strategy also plays a critical role in the performance of GNN-based hyperspectral
image classification. There are two main optimization strategies, full-batch gradient descent and mini-batch gradient de-
scent. The full-batch gradient descent strategy, which is commonly used for spectral-based GNN models, involves comput-
ing the loss for all examples and updating model parameters based on the gradients corresponding to each parameter. How-
ever, since parameter updating involves all samples, the complexity of full-batch gradient descent can be very high, especially
when dealing with a large number of pixels or superpixels. To improve training efficiency, mini-batch gradient descent can be
used for model optimization. Here, the original graph structure is divided into subgraphs, and the loss of is computed for each
subgraph. Since each subgraph is much smaller than the original graph, this strategy often exhibits greater efficiency.

Despite the promising results achieved by GNN-based hyperspectral image classification, some challenges remain that
must be addressed. One of them is adaptive neighborhood construction, where the size and shape of the neighborhood may
vary for different regions of the image. Existing GNN-based methods assume a fixed neighborhood size and shape, which
may not be optimal for all regions of the image. Another challenge is the tradeoff between scalability and accuracy. GNN
models inevitably compromise the integrity of the original data when achieving scalability, although preserving the integrity
of the data is crucial for model learning. Therefore, there is a growing need to develop GNN-based methods that can
achieve high accuracy while maintaining scalability. Noise processing is also a noteworthy issue, since hyperspectral imag-
es may contain various types of noise. Most existing GNN-based methods are not robust to noise, highlighting the need for
development of noise-robust methods.

In summary, GNN-based methods have shown great potential for hyperspectral image classification by effectively ex-
tracting spectral—spatial features from hyperspectral images. In this paper, we have reviewed and summarized the existing
methods from different perspectives, including graph construction, graph convolution, model architectures, and optimization
strategies. We have also analyzed the challenges of hyperspectral image classification and the characteristics of GNN algo-
rithms, providing insights into potential future research directions. With the continued development of GNN-based meth-
ods, hyperspectral image classification is expected to achieve higher accuracy and broader applicability in various fields.

Key words: hyperspectral image classification; graph neural network; graph machine learning; semi-supervised
learning; deep learning
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