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Hyperspectral images typically have large-sized features and fuse a large amount of spatial and spectral
data, increasing the complexity of feature selection and effective mining. In addition, its dimensional
redundancy and feature intersection further exacerbate the interpretability problem of the model, limiting
the overall improvement of classification performance. Therefore, this paper proposes an HSI
classification model built on U-Nets and a graph convolutional network. This model utilizes multi-scale
superpixel segmentation to enhance the flexibility of spatial structure modeling and achieves synchronous
extraction of spatial topological relationships between land features from multiple scales through a multi-
scale graph convolution architecture. The experiment showed that the proposed model achieved an F1
value of 96.7% on the comprehensive datasets (Indian Pines, Pavia University, Salinas, and GRSS 2013),
demonstrating good robustness and generalization ability. Regardless of whether under interference
conditions, the average classification entropy and average mutual information between categories of the
proposed model were significantly lower than those of comparative models. Under the condition of
random loss of some bands, the average classification entropy and average mutual information value
between categories of the research model were 0.28 and 0.79, and 0.31 and 0.77 under Gaussian noise
interference. The research model has strong discriminative ability in hyperspectral image classification
tasks and effectively deals with complex scenes such as noise interference and data loss.

Povzetek: Predlagani model, ki zdruzuje U-Net in grafne konvolucijske mreZe, ucinkovito izboljsa
klasifikacijo hiperspektralnih slik ter doseze visoko robustnost, generalizacijo in natancnost tudi ob Sumu

in izgubi podatkov.

1 Introduction

Hyperspectral Image (HSI) has a spectral coverage range
from visible light to near-infrared, with high spectral
resolution and strong band continuity. It can reveal land
information that cannot be reflected by single-band or
multi-band images. However, the high dimensionality of
hyperspectral data gives it some special properties that are
different from traditional 3D data spaces, making it
difficult to process and classify HSI data using
conventional methods [1-2]. The spectral correlation of
HSI is stronger than the spatial correlation. Therefore,
based on the above characteristics, reducing data
dimensionality and fusing effective information are
necessary for HSI analysis. The advancement of artificial
intelligence technology has made Convolutional Neural
Networks (CNNs) gradually become the mainstream
method for HSI classification due to their excellent
nonlinear fitting ability and local Spatial Feature (SF)
extraction ability [3-4]. In related research, Ari developed
an HSI classification method built on a multi-path CNN
and squeeze excitation network. In the 5%WHLK,

WHHC, and WHHH training samples, the Overall
Accuracy (OA) of this method reached 99.86%, 97.51%,
and 97.64% [5]. To simultaneously extract local and
global features from HSI, Li et al. designed a parallel dual-
branch structure based on CNN and Transformer. In four
hyperspectral datasets, the OA of this method reached
99.21%, 99.61%, 92.40%, and 98.17% [6]. Giri et al.
proposed an innovative method of using a pre-trained
CNN to extract robust SFs from HSI to assist
classification. In the Salinas dataset, the OA of this
method was 99.12%, the mean precision was 99.40%, and
the Kappa coefficient was 0.9901 [7].

U-shaped Network Structure (U-Nets) is a deep
learning model specifically designed for medical image
segmentation. U-Nets can effectively capture contextual
information in images and accurately locate target areas
[8-9]. Its powerful feature extraction ability and sensitivity
to details provide a new perspective for HSI classification.
Deng et al. proposed a U-Nets model that integrates
residual structure and a selective convolutional kernel
attention mechanism. This model effectively enhanced the
SF expression ability while maintaining the integrity of
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low-resolution and high-resolution spectral information.
Meanwhile, it also enhanced the spatial detail
representation of the reconstructed HSI, thereby achieving
higher quality image super-resolution reconstruction [10].
Subba Reddy et al. put forward an HSI classification
method based on U-Nets and the honey badger
optimization algorithm. The accuracy of this method was
0.907, the sensitivity was 0.914, and the specificity was
0.904 [11]. In addition, Tang et al. put forth an HSI super-
resolution method that combines U-Nets and state space
models. This model utilized U-Nets to extract multi-scale
SFs and models and predicted time series and spectral
dimensions through state space, thereby achieving
synergistic improvement of HSI in spatial and spectral
resolution [12].

In summary, both CNN and U-Nets models have
achieved good results in HSI classification. 3D-CNN
models can jointly model in both spectral and spatial
dimensions. Their computational complexity is extremely
high, especially when dealing with HSI data containing
hundreds of bands, which can easily lead to excessive
memory consumption and excessively long training time.
Meanwhile, 3D convolution kernels are usually fixed in
the local receptive domain, making it difficult to
effectively capture cross-scale contextual relationships.
This leads to a decrease in classification performance in
scenarios with high inter-class similarity or blurred spatial
boundaries. The traditional Graph Convolutional Network
(GCN)-based HSI classification method can capture non-
Euclidean spatial relations by using the graph structure.
However, its high dependence on the input graph structure
makes the model vulnerable to the influence of superpixel
partitioning errors and adjacency matrix construction
biases, thereby reducing the overall robustness. U-Nets,
through their symmetrical Encoder-Decoder Structure
(EDS) and skip connections, can enhance the ability to
preserve spatial details and to some extent compensate for
the insufficient capture of fine-grained information in
traditional CNN models. However, U-Nets mainly rely on
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spatial proximity when modeling the relationships
between superpixels, ignoring the non-Euclidean spatial
structure of inter-class heterogeneity in HSI, resulting in a
decrease in accuracy when dealing with areas with fuzzy
boundaries or high inter-class similarity. Therefore, the
study proposes a U-Nets model based on Multi-scale
Superpixel Segmentation (MSS). On the basis of this
model, an HSI classification model based on multi-scale
features and GCN-CNN is proposed. By combining the
ability of U-Nets to preserve pixel-level spatial details
with the modeling ability of GCN for superpixel-level
global topological relations, the model can simultaneously
capture local texture features and cross-regional spatial
semantic relations. Multi-scale scroll integral branches
can synchronously extract the spatial topological
relationships between ground objects from multiple
scales, fully mining the global context information and
local texture features in HSIs. Through this new model,
the study aims to enhance the robustness and
generalization capacity of HSI classification, thereby
providing more efficient and accurate technical support
for HSI intelligent analysis.

2 Methods and materials

2.1 U-Nets model based on MSS

The U-Nets model offers powerful technical support for
HSI classification tasks with its excellent EDS and skip
connections. To more effectively integrate spatial
structure perception with non-Euclidean spatial modeling
capabilities, this study proposes a U-Nets model based on
MSS. MSS is a method of layer-by-layer superpixel
partitioning of images at different spatial scales, which can
extract richer and more hierarchical spatial structural
information, thereby providing finer spatial support for
subsequent feature learning [13-14]. The overall structure
of the proposed model is displayed in Fig.1.
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Figure 1: Framework of the U-Nets model based on MSS.
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Figure 3: Diagram of the MFAM structure.

In Fig.1, the model includes a Multi-scale Fusion
Attention Module (MFAM), a Lightweight Graph
Attention Network (LWGAT), and a Superpixel Structure
Propagation (SPS). Firstly, the original HSI is input into
MFAM, and the response weights of spatial and spectral
information are dynamically adjusted through a dual-
channel attention mechanism to extract pixel-level fusion
features that balance spatial texture and spectral
discriminability. Subsequently, this feature is passed as
input to the U-Nets encoder section. In each layer of the
encoder, this study uses SPS modules to perform
superpixel partitioning on image regions and construct a
multi-scale image structure. Next, the LWGAT module is
utilized to perform graph convolution operations on the
constructed graph structure, achieving non-Euclidean
space modeling. In the decoder section, the network
gradually restores the resolution of the feature map
through an upsampling layer and uses skip connections to
fuse the features in the encoder with those in the decoder
to preserve multi-scale information. After each decoding
layer outputs, the feature boundaries and discriminative
expressions are further refined through a 5x5 convolution
operation. Finally, after the decoding of the last layer is
completed, the structural features of the image are mapped
back to the original pixel space and input into the Softmax
classifier to output a pixel-level classification probability
map, achieving accurate determination of the land cover
category to which each pixel belongs. The SPS extraction
process is shown in Fig.2.

In Fig.2, in traditional graph convolution operations,
the features between similar pixels are mainly aggregated

through adjacency matrices, and the spectral features of
pixels of the same category tend to be consistent [15].
However, HSIs typically contain hundreds of bands, with
a significant amount of spectral redundancy and noise,
which can easily affect the stability and discriminability of
convolution operations [16-17]. Therefore, this study
proposes a spectral pixel sequence construction strategy
based on superpixels, combined with regional aggregation
and an attention mechanism to achieve SPS extraction.
The specific process is as follows: Firstly, in the | -layer
network, the currently extracted graph structure feature

H'={hi,h;,....h | is matched with the corresponding

n

superpixel structure and divided into several spatially
continuous and spectroscopically similar subregions

{S1,8}.....Sy,} . The pixels in each region are regarded as

a candidate aggregation unit, and their feature vectors are
calculated for similarity with the query vector through dot
multiplication to  generate  attention  weights.
Subsequently, the attention weights of all candidate pixels
are normalized utilizing the Softmax to gain the
contribution of each pixel in the current superpixel to its
representative features. The specific structure of the
MFAM is exhibited in Fig.3.

In Fig.3, MFAM consists of two cascaded
submodules, namely Multi-Order Gated Aggregation
(MOGA) and Feature Decomposition (FD). Among them,
MOGA uses multi-channel parallel Depthwise Separable
Convolution (DWConv) to encode multi-scale features.
The FD module is responsible for decomposing the fused
features, guiding the network to focus on high-order
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feature interactions, while dynamically suppressing
redundant or inefficient information, thereby enhancing
the structural and discriminative nature of feature

expression. Firstly, the input HSI X eR™™° s
normalized (Norm) and convolved (Conv) to extract initial
pixel level features F . Then, intermediate features are
generated using the Leaky ReLU activation function.
Subsequently, the feature undergoes Global Average
Pooling (GAP) to form channel descriptors, which are
then differentiated element by element from the original
feature to highlight local spatial variation information.
The differential features are converted into an
intermediate representation Z through Gaussian Error
Linear Unit (GELU) and input into MOGA to achieve
interaction and fusion of contextual features at different
scales. The calculation formula for F is shown in
equation (1).

F = A(Conv(Norm(X)) +b) )

In equation (1), b isthe convolution bias term and A
is the Leaky ReLU. Within MOGA, feature Z is
segmented into three sub channels Z,, Z,, and Z,, and

local features are extracted through DWConv with
different receptive field settings. Subsequently, the three
scale features Y,, Y,, and Y, are concatenated Y , and

then transformed using two ordinary convolutions and
SiLU function to output the feature response 7 . This

feature is then added element by element to the output T
of the previous branch to form the final fused feature
representation. Subsequently, the fused features are sent to
the FD module for feature decomposition. Finally, the
feature is adjusted to a shape compatible with downstream
modules of the network through Reshape operation, and

output as pixel level feature H for subsequent image
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structure modeling or classification. The formula for
channel attention weight « is given by equation (2).

a=0'(\N2-5(F—Fgap)+b2) 2

In equation (2), § is the GELU function, W, and b,
are learnable weights and bias parameters, Fy, is the
channel global descriptor, and o represents the Sigmoid
function. The calculation of 7 is given by equation (3).

Z=GELU(F &7, ®(F-GAP(F))) (3)

In equation (3), 7, is a learnable scaling factor, which

represents element wise multiplication. The formula for
T is shown in equation (4).
T =SiLU (Conc(Z) ® SiLUConc(Y))

®(n - SiLU (Conc(Y))) “)
The expression for | is shown in equation (5).
H = Reshape(T ®F) (5)

2.2 HSI classification model based on multi-
scale features and GCN-CNN

The U-Nets model based on MSS can enhance the feature
representation ability of the model through MFAM, and
improve the graph modeling effect in non-Euclidean space
through SPS and LWGAT modules. However, the U-Nets
model requires multiple complex graph convolution
operations in both the encoder and decoder stages, which
can result in significant computational burden and time
overhead [18]. To address this issue, this study proposes
an HSI classification model based on multi-scale features
and GCN-CNN. Fig.4 shows the model’s overall
structure.
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Figure 4: Parallel multi-scale GCN-CNN feature extraction module structure.
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Figure 5: The feature extraction module structure based on the parallel multi-scale GCN-CNN architecture.

In Fig.4, the model mainly consists of a multi-level
superpixel GCN-CNN feature extraction module and a
graph structure reconstruction module. Among them, the
feature extraction module adopts a parallel approach to
extract pixel-level features and multi-scale superpixel
level features. The graph structure reconstruction module
assigns pseudo labels to each superpixel by calculating the
feature geometric distance between each superpixel region
and the annotated pixels. These pseudo labels, to some
extent, reflect the category bias of superpixels, and based
on the pseudo label information, further reconstruct the
edge weights and connection relationships in the graph
structure, thereby obtaining a graph topology structure
that is more in line with the true semantic distribution.
Finally, the updated graph structure is utilized to retrain
the entire network, enhancing the model's ability to
distinguish land cover categories in complex scenes. The
process of constructing a superpixel map and
concatenating multi-scale features is as follows: Firstly,
the HSI is input, and superpixel segmentation is performed
through Simple Linear Iterative Clustering (SLIC) to
obtain N superpixel regions. The node feature vector X;

of each superpixel S, is defined as the average spectral

vector of the pixels within its region, and the calculation
formula is shown in equation (6).

L i(p)

S,
pes;

In equation (6), I(p) is the spectral vector of pixel
p . Subsequently, the adjacency relationship is defined by

calculating the spatial centroid and spectral similarity
between superpixels, thereby forming a graph structure
that can reflect the spatial structure and spectral
characteristics. The calculation formula is shown in
equation (7).

X = ©®)

2 2
A _"'ui_fi" ~eXp—||Xi_2Xj" @)
s Uf

In equation (7), A; represents the adjacency matrix.

=exp

o, and o, are the spatial and spectral scale parameters,
respectively. X; and X, are the spectral features of the

superpixel. z and g, are the centroid coordinate of the

superpixel S, . Meanwhile, the input image is encoded and

decoded through the U-Nets to obtain multi-scale feature
maps at different resolutions. On each layer of the feature
map, the pixel set corresponding to the superpixel region
is mapped as a regional feature, and its semantic
information is extracted through average pooling. Then,
all the superpixel features are input into the parallel multi-
scale GCN-CNN feature extraction module for multi-scale
feature concatenation. The flowchart of the parallel multi-
scale GCN-CNN feature extraction module based on MSS
is shown in Fig.5.

In Fig.5, the module divides the input HSI into 5
layers of superpixel structures with different spatial scales
to capture multi-level semantic information from local to
global. Firstly, the LWGAT convolution operation is used
to perform preliminary dimensionality reduction on the
input HSI, to reduce computational costs and preserve key
spectral information. Subsequently, the image features are
fed into the CNN-MFAM branch and the multi-scale
GCN-SPS branch. The former is used to extract local
pixel-level features; The latter extracts spatially
continuous and spectrally consistent superpixel-level
features at multiple segmentation scales, thereby
achieving global context modeling. Finally, by fusing
features, the confidence information of each pixel is
calculated. The confidence level P, is shown in equation
(8).

P = Soft max(W, -F, +b;) (8)

In equation (8), W, and b, are the weight matrix

and bias term, and F, is the fused pixel feature. The
calculation process of GCN is shown in equation (9).

Ht = O_(Dfl/zAljfl/zH 'IWI) 9)

In equation (9), H" and H"*™ are the features of
nodes in the | -th and | +1-th layers of the graph. W' is
the learnable graph convolution weight. A is an
adjacency matrix with self-loops. D is the degree matrix

corresponding to A . The structure of the graph structure
reconstruction module that integrates geometric
information and label information is shown in Fig.6.
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Figure 6: Graph structure reconstruction module structure integrating geometric information and label information.

In Fig.6, the module measures the similarity between
two regions by using the information of the marked nodes
as an intermediate variable. Firstly, different clustering
centers are constructed using the features extracted from
the output layer and the matrix. Secondly, a pseudo label
is assigned to each superpixel in the | -th layer, enabling
weakly supervised guidance of category attributes without
the need for complete labeling. After obtaining the pseudo
labels, the original graph structure is further reconstructed
by combining this information. The new graph structure
considers  spatial ~ similarity and improves the
discriminative power of graph edge connections by
introducing geometric distance and pseudo-label
consistency as joint constraints. Finally, the reconstructed
graph structure is re-injected into the model and subjected
to end-to-end retraining using standard cross-entropy loss,
effectively improving classification accuracy and model
robustness while ensuring the rationality of structural
expression. The expression of geometric distance d; is
shown in equation (10).

d, =[F-F, (10)

In equation (10), F; and F; are the feature vectors of
the i -th superpixel region and the j-th annotated pixel.

The construction method of the new adjacency matrix is
shown in equation (11).
, [1 s/,s! adjacent
Aj = ! (11)
0 else
In equation (11), A is the connection strength

between the i-th and j -th superpixels in the new image

structure. Si' and S} are superpixel regions. The cross-

entropy loss L is shown in equation (12).
C

L=- Z inIOgPic

iey,,c=1
In equation (12), y, is the index set of all labeled
pixels, C is the total number of categories, and y,, is the
One-hot label of the actual category. P, is the probability

that the model predicts pixel i to belong to category C.
Due to the high dimensionality of HSI data, preprocessing
should be performed before classification to obtain better
parameter estimates and effective information. After
preprocessing, dimensionality reduction, and feature
extraction, this study trains a classifier using selected
samples, determines the discriminant function, and then
uses the HSI model for classification.

(12)

3 Results

3.1 Performance testing of U-Nets model
based on MSS

To verify the performance of the proposed model, a
suitable experimental environment is established. Ubuntu
20.04 LTS is an operating system equipped with an Intel
Xeon Gold 5218 CPU, NVIDIA RTX 3090 GPU, 64GB
of memory, and Pytorch framework. The experiment will
have 300 iterations, a learning rate of 0.001, a Dropout
ratio of 3, and 5 superpixel layers. Indian Pines, Pavia
University, Salinas, and GRSS 2013 publicly available
datasets are the data sources. Among them, the Indian
Pines dataset is collected from agricultural areas in
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Indiana, USA, and includes 16 land cover categories,
mainly different types of crops. The spectral dimension of
the image is high, and the spectral similarity between
classes is strong, making it difficult to classify. The Pavia
University dataset is obtained from aerial photography of
urban areas over the University of Pavia in Italy. It
includes 9 categories of land features, including roads,
buildings, grasslands, etc., with distinct spatial structural
characteristics, making it suitable for testing the spatial
modeling ability of the model. Salinas is collected in the
Salinas Valley agricultural area of California, USA,
containing information on 16 types of crops with high
spatial resolution and rich spectral information. It is
suitable for evaluating the model's ability to classify fine-
grained land features. GRSS 2013 is composed of the
remote sensing image classification competition dataset
provided by IEEE GRSS, which includes multiple urban
land cover categories such as buildings, roads, and
shadows. It has complex spatial patterns and uneven data
distribution, making it highly challenging. During the
testing process, each dataset is trained using a five-fold
cross-validation to reduce the risk of overfitting and
ensure the robustness of the results. The four datasets are
divided into the training set and the test set in an 8:2 ratio.
Among them, the training set is further divided into a
training subset and a validation subset in each cross-
validation, which are used for model parameter tuning.
Model training and testing are carried out under the same
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conditions, and CNN, GCN, FCN, and 3D-CNN are used
as baseline models for comparison. To verify the
generalization ability of the proposed model, experiments
are conducted on the comprehensive datasets (Indian
Pines, Pavia University, Salinas, and GRSS 2013). Table
1 shows the specific categories and quantities of data.

According to Table 1, firstly, the proposed model is
subjected to ablation testing with classification accuracy
as the indicator, as shown in Fig.7.

Figs.7 (a) and (b) show the results of studying the
model in the training and testing sets. As the iterations
increase, the HSI classification accuracy of each module
in the research model gradually improves and tends to
stabilize in the later stages of training. The U-Nets module
performs the worst in both datasets, with a maximum HSI
classification accuracy of only 73.5%, indicating
significant shortcomings in processing high-dimensional
spectral information and complex spatial structures of
HSI. After improving the MFAM and LWGAT modules,
the HSI classification accuracy of the U-Nets module
increases by about 15%. The U-Nets model based on MSS
has the best overall performance, with the best
performance in HSI reaching 92.8%. The research model
can effectively improve the classification precision of HSI
by integrating different modules. In addition, the study
also conducts a comparative test with average accuracy as
the test index. The test results are shown in Figure 8.

Table 1: The specific categories and quantities.

Serial number Category Training sample size Test sample size Total sample size
1 Meadows 14919 3730 18649
2 Bare Soil 4023 1006 5029
3 Trees 2451 613 3064
4 Asphalt 5304 1327 6631
5 Gravel 1679 420 2099
6 Metal Roofs 1076 269 1345
7 Brick Walls 2945 737 3682
8 Shadows 757 190 947
9 Bitumen 1064 266 1330
A A
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Figure 7: Ablation test.
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Table 2: Test results of ACE and AMI between categories of different models under interference conditions.

Interference type Interference intensity Models ACE (95% CI) AMI (95% CI)
DUAL-CNN 0.46 (0.44-0.49) 0.62 (0.60-0.64)
. 2D-CNN-PCA 0.38 (0.36-0.40) 0.68 (0.66-0.70)
No interference / SSRN 0.34 (0.33-0.36) 0.72 (0.70-0.73)
Research model 0.21 (0.20-0.23) 0.84 (0.82-0.86)
DUAL-CNN 0.58 (0.56-0.60) 0.55 (0.53-0.57)
Gaussian noise 0.03 2D-CNN-PCA 0.49 (0.47-0.51) 0.61 (0.59-0.63)
' SSRN 0.44 (0.42-0.46) 0.66 (0.64-0.68)
Research model 0.31 (0.30-0.33) 0.77 (0.75-0.79)
DUAL-CNN 0.55 (0.53-0.57) 0.57 (0.55-0.59)
. - 2D-CNN-PCA 0.46 (0.44-0.48) 0.63 (0.61-0.65)
Band missing 10% band random missing SSRN 0.42 (0.40-0.44) 0.68 (0.66-0.70)

Research model

0.28 (0.27-0.30)

0.79 (0.77-0.81)

Fig.8 shows the mean accuracy of different models.
The effectiveness of the U-Nets model based on MSS in
HSI classification tasks is superior to other baseline
models. In Fig.8 (a), CNN exhibits a certain feature
learning ability during the training process, with an
average accuracy gradually increasing and ultimately
stabilizing at 70.6%. Due to its ability to model the
structural relationships between pixels, GCN achieves an
average accuracy of 75.1% higher than CNN during the
training phase. The research model not only has faster
convergence speed and stronger stability, but also has an
average accuracy of 95.3%. In Fig.8 (b), both CNN and
GCN show a certain degree of performance degradation,
dropping to 64.2% and 73.9%, indicating that their
generalization ability is still insufficient in complex
sample distributions. The average accuracy of the research
model in the test set is 93.1%, further verifying the
effectiveness of the multi-level superpixel structure and
graph attention mechanism in modeling the spatial
spectral relationship of HSI.

3.2 Simulation testing of HSI classification
model

To further validate the performance of the final model
(HSI classification model based on multi-scale features
and GCN-CNN), Gaussian noise and random loss of some
bands are added to the original test set in this study. At
present, the most popular and representative model in HSI
classification is the 2D-CNN with Principal Component
Analysis (2D-CNN-PCA), Dual-Branch CNN (DUAL-
CNN), and Spectral Spatial Residual Network (SSRN),
which are compared and tested. Under interference
conditions, the Average Classification Entropy (ACE) and

Average Mutual Information (AMI) test data between
different models are listed in Table 2.

In Table 2, with the addition of noise and band loss
interference, the entropy values of each model generally
increase and the AMI decrease, reflecting the effect of
interference on the model's discriminative ability. The
entropy value and AMI variation amplitude of the research
model are relatively small, showing better robustness and
stability. Moreover, the 95% Confidence Interval (CI) of
the research model in the three types of scenarios is
generally small, and the numerical intervals basically do
not overlap with those of the control models. Under
Gaussian noise interference, the ACE and AMI values of
the research model are 0.31 and 0.77. Under the
interference of random band loss, the ACE and AMI
values are 0.28 and 0.79, indicating that the model can
better distinguish different categories and avoid category
confusion. The multi-scale GCN can adaptively capture
the spectral and spatial correlations at different scales,
thereby reducing the impact of local noise on the overall
prediction. The jump connection of U-Nets helps to
restore the key feature regions, and the prediction
performance can be maintained even if some bands are
missing. For the interpretability, the weight distribution of
GCN nodes reveals the degree of attention of the model to
different bands and spatial positions. The visualization of
the U-Nets intermediate feature map shows the regions
that the model focuses on in the spectral image, providing
an intuitive basis for understanding the model's decision-
making. In practical HSI applications, this model has
extensive application value. For instance, in agricultural
remote sensing, even if some bands are affected by clouds,
fog, or sensor malfunctions, the model can still accurately
identify the type and growth status of crops. In urban
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remote sensing or geological exploration, the multi-scale
feature recovery capability enables the model to address
spectral deficiency and aliasing issues, enhancing the
reliability and stability of classification, target detection,
and anomaly identification. Therefore, the model
performs well on experimental datasets and has practical
application potential across scenarios and datasets.

After analyzing the performance and robustness of the
model, the similarities between the model and commonly
used control methods in nonlinear and uncertain systems
are further explored, revealing its adaptive characteristics
and stability mechanism. The adaptive behavior of the HSI
classification model based on multi-scale features and
GCN-CNN in dealing with noise, band missing, and
spectral-spatial complexity is analyzed. It is compared
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with methods such as Adaptive Fuzzy Control, Output-
Feedback Controller, and Robust Neural Adaptive
Control, etc. The similarity analysis results are shown in
Table 3.

Table 3 shows that the multi-scale GCN-CNN feature
extraction module adaptively captures the spectral-SFs at
different scales, similar to the mechanism of Adaptive
Fuzzy Control that dynamically adjusts the control law
when dealing with system uncertainties. The encoder-
decoding structure and skip connection of U-Nets are
equivalent to the Backstepping Control process of
eliminating system uncertainties step by step, minimizing
the impact of local disturbances on the overall output. The
F1 values predicted by different models for classification
are shown in Fig.9.

Table 3: Similarity analysis results.

Control methods References  Correspondence with the research model Robustness demonstration
. . . s Fast convergence and
Adaptive fuzzy control [19] Adaptive adjustment_of multi-scale features is similar resistance to external
to fuzzy rule adaptation .
disturbances
Output-feedback mechanism corresponds to graph  Resistant to input nonlinearities
Output-Feedback Controller [20] convolution information fusion in the model and noise
. Adaptive update of neural network weights is similar ~ Robust against multivariable
Robust neural adaptive control (21] to GCN node weight adjustment uncertainties
Adantive backstenping control [22] Stepwise feature extraction corresponds to multi-  Stable prediction under noise
P pping scale GCN-CNN hierarchical feature aggregation and missing bands
- - Optimal control concept corresponds to model  Improves overall classification
Nonlinear optimal control (23] parameter optimization and training accuracy and robustness
High-gain observer-based adaptive [24] High-gain observer corresponds to model feature Sensitive to local anomalies or
fuzzy control sensitivity adjustment missing bands
. Preserves key information
Fuzzy state-feedback control [25] State-feedback meghanlsm co rresponds to U-Nets regions, mitigating disturbance
encoder-decoder skip connections
effects
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Table 4: Comparison of runtime of four models.

Dataset Models 1st (s) 2nd (s) 3rd (s) 4th (s) 5th (s) 6th (s) 7th (s)
DUAL-CNN 315 31.8 32.2 32.6 33.0 335 34.1

Training set 2D-CNN-PCA 28.3 28.5 28.8 29.2 29.5 289 30.3
SSRN 35.9 36.2 36.6 37.1 375 38.0 38.5
Research model 24.9 25.2 255 25.8 26.2 26.5 26.8
DUAL-CNN 13.4 13.6 13.8 14.0 14.3 14.6 15.0

Test set 2D-CNN-PCA 11.2 11.3 115 11.7 12.0 12.3 12.6
SSRN 15.6 15.8 16.0 16.3 16.6 16.8 171
Research model 9.3 9.5 9.7 9.9 10.1 10.3 10.5

Figs.9 (a) to (d) show the comparison curves of F1
values between the research model, DUAL-CNN, 2D-
CNN-PCA, and the SSRN model. The F1 values of the
research model on public datasets are superior to other
models, indicating that it has stronger stability and
generalization ability when dealing with typical HSI
classification problems such as uneven class distribution,
fuzzy boundaries, and high-dimensional redundant
features. The F1 values of 2D-CNN-PCA, DUAL-CNN,
SSRN, and the research models are 85.4%, 89.8%, 90.6%,
and 96.7%. The fundamental reason for the improvement
of model performance is that MSS enhances the model's
perception ability of spatial regions, enabling it to more
accurately identify land boundaries and local patterns.
GCN introduces non-Euclidean structural modeling
capabilities, which can effectively capture semantic
correlations and global dependencies between samples.
CNN is good at extracting local spatial contextual
information and plays a key role in restoring SF details.
Finally, to further validate the computational efficiency of
the proposed model in practical applications, a
comparative evaluation is conducted on the operational
complexity of various models under the same hardware
conditions, as listed in Table 4.

In Table 4, as the number of runs grows, the runtime
of the four models on both sets shows an increasing trend.
In the test set, the runtime of SDUAL-CNN, 2D-CNN-
PCA, SSRN, and the research model increases by 2.6 s,
2.35,2.7s,and 1.9 s. In the training set, the runtime of the
four models increases by 1.6 s, 1.4 s, 1.5 s, and 1.2 s.
Among them, the overall growth rate of the research
model is relatively small, and its effect on the overall
performance is relatively small. The computational
complexity of the research model is lower, the structural
design is more efficient, and it can effectively reduce the
consumption of computing resources and processing time.

4 Discussion

To comprehensively verify the advancement and
effectiveness of the HSI classification model based on
multi-scale features and GCN-CNN, their performance in
the existing literature was studied, compared, and
analyzed. Firstly, in terms of classification accuracy,
existing studies have shown that the classification
accuracy rates of the HSI classification method based on
3D-CNN proposed by Atik SO in the datasets of Indian
Pines, Salinas, and Pavia University were 92.43%,
95.06%, and 99.00%, respectively [26]. The constructed
HSI classification model based on multi-scale features and
GCN-CNN had an F1 value of 96.7% on the

comprehensive datasets (Indian Pines, Pavia University,
Salinas, and GRSS 2013). Under the interference of
Gaussian noise, the ACE and AMI values of the research
model were 0.31 and 0.77, respectively. Therefore, by
combining multi-scale feature extraction with GCNs, the
model could effectively capture the spatial dependencies
and spectral features between pixels, achieving in-depth
modeling of complex spectral information.

In terms of computational complexity, Banerjee A et
al. proposed an HSI classification method based on a 3D-
2D-1D CNN. The experimental results showed that 3D-
CNN and 2D-CNN effectively utilized the spectral space
features, while 1D-CNN could perform feature extraction
pixel by pixel. The accuracy rate of the 3D-2D-1D CNN
model in Indian Pines was 98.87%, and that in Pavia
Center was 99.92% [27]. Although the 3D-2D-1D CNN
model could extract local spectral or SFs, its
computational complexity was extremely high. Especially
when dealing with HSI data containing hundreds of bands,
it was prone to excessive memory consumption and
excessively long training time. The research model
maintained the shortest average running time in both the
training and testing phases. The average time consumption
of the training set was only 25.8 seconds, while that of the
test set was 9.9 seconds.

In conclusion, the research model outperforms
existing methods in terms of classification accuracy, few-
shot category recognition, computational complexity, and
spatial structure modeling ability, demonstrating its
advancement and effectiveness in the HSI classification
task.

5 Conclusion

Due to the high dimensionality of HSI spectral data,
directly using traditional methods can bring difficulties
and low classification accuracy to land cover
classification, as well as the shortcomings of existing
methods in handling spectral spatial joint modeling and
structural expression capabilities. This study proposed an
HSI classification model based on multi-scale features and
GCN-CNN. This model constructed a parallel GCN-CNN
structure, combined MFAM to enhance spatial spectral
feature expression, and utilized a graph structure
reconstruction mechanism to introduce geometric and
label prior information, effectively improving the
discriminative ability of complex land features. In the
experiment, under Gaussian noise interference, the ACE
of the research model was 0.31, and the AMI was 0.77.
Under the condition of random loss in the 10% band, ACE
further decreased to 0.28, and AMI increased to 0.79,
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indicating that the model still has good category
discrimination ability and stability in the face of high-
dimensional data degradation, and can effectively avoid
category ambiguity and confusion. The F1 values of the
research model on the public dataset were superior to
those of the comparison model, reaching 96.7%. This fully
validated its stronger generalization ability and stability in
dealing with typical HSI classification problems such as
uneven class distribution, fuzzy boundaries, and high-
dimensional redundant features. In addition, the research
model maintained the shortest average runtime during
both training and testing phases, with an average training
time of only 25.8 s and an average testing time of 9.9 s.
The research model outperforms existing methods in
classification accuracy, anti-interference ability, and
computational efficiency, demonstrating good practical
potential and engineering scalability. However, this study
mainly focuses on standard dataset experiments and has
not yet covered multi-temporal data and cross-regional
HSI. Future work can combine transfer learning and multi-
source information fusion to further enhance the
generalization ability and application breadth of the
model.
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