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Abstract— In practice, the acquirement of labeled samples for
hyperspectral image (HSI) is time-consuming and labor-intensive.
It frequently induces the trouble of model overfitting and performance degradation for the supervised methodologies in HSI
classification (HSIC). Fortunately, semisupervised learning can
alleviate this deficiency, and graph convolutional network (GCN)
is one of the most effective semisupervised approaches, which
propagates the node information from each other in a transductive manner. In this study, we propose a cross-scale graph
prototypical network (X-GPN) to achieve semisupervised highquality HSIC. Specifically, considering the multiscale appearance
of the land covers in the same remotely captured scene, we involve
the neighborhoods of different scales to construct the adjacency
matrices and simultaneously design a multibranch framework to
investigate the abundant spectral–spatial features through graph
convolutions. Furthermore, to exploit the complementary information between different scales, we simply employ the standard
1-D convolution to excavate the dependence of the intranode
and concatenate the output with the features generated from
other scales. Intuitively, different branches for various samples
should have different importance to predict their categories.
Thus, we develop a self-branch attentional addition (SBAA)
module to adaptively highlight the most critical features produced
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by multiple branches. In addition, different from previous GCN
for HSIC, we devise an innovative prototypical layer comprising
a distance-based cross-entropy (DCE) loss function and a novel
temporal entropy-based regularizer (TER), which can enhance
the discrimination and representativeness of the node features
and prototypes actively. Extensive experiments demonstrate that
the proposed X-GPN is superior to the classic and state-of-the-art
(SOTA) methods in terms of the classification performance.
Index Terms— Cross-scale, graph convolutional network
(GCN), hyperspectral image (HSI) classification, semisupervised
learning (SSL).

I. I NTRODUCTION

D

IFFERENT from the red-green-blue (RGB) and multispectral image, hyperspectral image (HSI) provides
more refined spectral information, which makes the land
covers more distinguishable [1]. By virtue of its luxuriant
spectral–spatial information, HSI has been applied to many
significant applications, such as urban-area monitoring, precision agriculture, and mineral resource exploitation [2], to name
a few. Similar to the semantic segmentation task for the RGB
image, HSI classification (HSIC) intends to assign a predefined
label to each individual pixel [3]. Obviously, HSIC is critical
for a profound understanding of the captured scene, which
attracts tremendous attention in practice. However, due to the
intrinsic properties of HSI named high dimensionality versus
insufficient annotated samples, high-accuracy HSIC is still a
challenging subject and deserves further investigation [4]–[6].
Recently, semisupervised learning (SSL) has aroused broad
concern, which can simultaneously harness the labeled and
unlabeled data, fusing the advantages of the supervised
and unsupervised algorithms to facilitate more accurate
HSIC [7]–[9]. In specific, the SSL methods can be roughly
divided into two categories: inductive learning and transductive learning. The former employs observed data out of the
current task to build a prediction model. While in the latter,
the adopted unlabeled samples are right from the test data,
which can generally earn more promising performance. Most
significantly, the graph-based learning imposes all concerned
samples and their relationships to establish the topological
structure [10], [11], and then propagates the labels and the
node information until reaching a stable status. It has been validated by practical applications not only for the non-Euclidean
domains but also for the regular statistics, such as the image
dataset [12].
Noticeably, there have been several SSL studies for
HSIC probing into the graph convolutional network
(GCN) [13]–[18], which are differentiable and parameterized
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by using Chebyshev polynomials to approximate the smooth
filters in the spectral domain. In particular, Wan et al. [19]
presented a multiscale dynamic GCN (MDGCN) leveraging
the superpixel segmentation strategy, which achieved state-ofthe-art (SOTA) recognition accuracy with high computational
efficiency. However, the performance depends on the
superpixel over-segmentation techniques to some degree.
Besides, the features generated from multiple streams are
finally aggregated without distinction. This is not reasonable
in view that various scales for different samples should
have different importance. Moreover, in the last layer of the
networks, the softmax function is commonly employed to
parse the extracted features and produce the probability vector
reflecting the semantic information. The manner has shown
a shortage of weakening the intraclass compactness and
inducing less discriminative representations, which degrades
the HSIC performance and deserves further studies [20]–[22].
To alleviate the above-mentioned issues, we propose a
cross-scale graph prototypical network (X-GPN) for semisupervised HSIC in an end-to-end transductive manner.
In X-GPN, considering the multiscale characteristic of the
objects in the remotely captured scene, the framework is
designed in a multibranch fashion and multiscale neighborhoods are first selected to construct the adjacency matrices to directly involve the abundant spectral and precise
spatial-context information. Second, for the sake of exploiting
the complementary spatial information among diverse scales,
we perform the lightweight 1-D convolution (1-D-Conv) on
the middle-level graph feature maps to explore the intranode
correlations and then concatenate them together to obtain
more conducive expressions. Third, to adaptively assemble the
high-level features produced by the multiple branches, we propose a self-branch attentional addition (SBAA) module to
automatically assign varying importance on different samples
of various scales. Hence, the most significant features can be
accentuated, while the useless ones can be constrained. Finally,
different from the widely used softmax paradigm, we utilize
the distance-based cross-entropy (DCE) loss function and propose a novel temporal entropy-based regularizer (TER), which
can synergistically derive more discriminative representations
for achieving high-accuracy HSIC.
The main contributions of this study are specified as follows.
1) A novel X-GPN framework is proposed for highaccuracy HSIC, which can alleviate the overfitting
dilemma with insufficient training samples in a semisupervised mode.
2) To thoroughly investigate the abundant spectral–spatial
information in the HSI, adjacency matrices determined by multiscale neighborhoods are involved in the
multibranch graph convolutions. Moreover, to obtain
more informative representations, the standard 1-D-Conv
operation is applied to the graph nodes, which are
concatenated afterward to exploit the complementary
middle-level features across different scales.
3) An SBAA module is designed to merge the high-level
features generated from different branches, which can
adaptively assign different importance to various scales
for each pixel. As a result, the expression ability of the
extracted features is strengthened for accurately inferring
the categories.
4) We devise an innovative prototypical layer comprising
DCE loss function with a novel TER, which can simultaneously enhance the discrimination of the node features

and the representativeness of the prototypes. Abundant
experiments validate that the proposed X-GPN can
achieve promising classification performance compared
with the classic and SOTA methods.
The remains of this article are organized as follows.
Section II introduces the related works, including a brief
review of the HSIC, the formulations of GCN, and the convolutional prototype learning. Section III details the architecture
of our proposed X-GPN. Section IV presents the experiment
results and analysis. Section V draws the conclusions.
II. R ELATED W ORKS
A. Hyperspectral Image Classification
In the last two decades, plentiful canonical supervised
classification models were successfully ameliorated for HSIC,
such as random forest [23], K-nearest neighbors [24], extreme
learning machine [25], [26], and so on. However, the HSIC
performance dramatically degrades when faced with a lack
of labeled samples, which is called the Hughes phenomenon.
Then, support vector machine (SVM) [27] was presented to
mitigate this problem. By mapping the original statistics
into high-dimensional space, the separability of the features
is virtually enhanced by kernel techniques [28]. Nevertheless,
the approaches earlier are criticized for merely exploiting
the shallow features that lack representativeness, which court
suboptimal classification results.
To conquer this drawback, deep learning (DL)-based
methods [29] have been extensively explored for HSIC nowadays [30], [31]. Specifically, the DL frameworks commonly
learn from concrete to abstract hierarchical representations,
and the parameters are iteratively optimized leveraging predefined penalty functions. The typical supervised networks for
HSIC include deep belief networks [32], recurrent neural networks [33], and convolutional neural networks (CNNs) [34],
and so on. Remarkably, 1-D-CNN [35], 2-D-CNN [36], and
3-D-CNN [37] were successively deployed to explore the spectral, spatial, and unified spectral–spatial features, respectively.
In particular, Li et al. [38] proposed an excellent deep CNN
using the pixel pair features (PPF-CNN), which achieved data
augmentation through coupling the handful labeled samples.
Then, a diverse region CNN (DR-CNN) [39] was presented
to excavate the abundant spectral–spatial information, which
acquired improved performance.
However, sufficient labeled samples are required for well
training the above-mentioned CNN-related methods due
to the considerable parameters. Unfortunately, the acquirement of annotated samples for HSI is time-consuming
and labor-intensive in practical applications. Meanwhile, the
above-mentioned supervised CNN models that are trained endto-end cannot make full use of the vast number of unlabeled
samples to improve the distinction among different classes.
In contrast, by combining neighborhood structures with node
features in the graph convolutional operations, the GCN can
effectively aggregate the feature information across the neighbors of each graph node to obtain satisfactory results. Notably,
the graph nodes include both the labeled and unlabeled
instances. When faced with the small sample size regime,
the GCN as a semisupervised approach can simultaneously
exploit the information of the limited training data and a large
number of unlabeled samples, which can facilitate extracting more expressive representations for achieving superior
performance.
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B. Graph Convolutional Network
In specific, the GCN is one of the most typical spectral-based convolutional graph neural networks
(ConvGNNs), which essentially distills the spatial characteristics of the correlative vertices and edges in the topological
graph [40], [41]. Remarkably, Kipf and Welling [13] employed
Chebyshev polynomial to fit the convolution kernels and
derived an efficient layerwise propagation rule, which can
encode both local graph structure and node features to reach a
more stable point. Specifically, in the perspective of the Fourier
domain for the graph Laplacian [42], the convolution operation
can be defined as
gθ  xg = Ugθ U xg

(1)

where xg refers to the graph signal and gθ represents a
convolutional filter parameterized by θ . U denotes the eigenvector matrix of the normalized graph Laplacian expressed
as L = I − D−(1/2) AD−(1/2) = UUT , where I represents the
identity matrix with a suitable size. D is the degree matrix
of the graph and A is the adjacency matrix.  is a diagonal
matrix filled with the eigenvalues of L. Then, [43] involved
truncated shifted Chebyshev polynomial Tk (x) up to the Kth
order to approximate gθ , which is expressed as
gθ  x g ≈

K


θk Tk (
L)xg

(2)

k=0

where θk is kth Chebyshev coefficient and shifted 
L =
(2/λmax )L − I. λmax is the maximum eigenvalue of L. It is
notable that this operation is K-localized since it uses the
Kth order polynomial of the Laplacian. GCN [13] further
approximates λmax ≈ 2 and limits the layerwise convolution
operation to K = 1, then the computation can be represented
as
gθ   xg ≈ θ0 xg + θ1 (L − I)xg = θ0 xg − θ1 D− 2 AD− 2 xg
1

θ0

1

(3)

θ1

in which and are two free parameters shared throughout
the whole graph. After constraining that θ = θ0 = −θ1 , (3)
can be simplified as


1
1
gθ  xg ≈ θ I + D− 2 AD− 2 xg .
(4)
In order to circumvent the numerical instabilities and exploding/vanishing gradients, renormalization is conducted by I +
D−(1/2)
A
D−(1/2) with Â = A + I and
AD−(1/2) → 
D−(1/2) 

.
Finally,
for
the
signal X ∈ R N ×C (N nodes),
Dii =
Â
j ij
the graph convolution (G-Conv) can be denoted as
1
1
A
D− 2 X
Y=
D− 2 

(5)

where  ∈ RC×F represents the trainable convolutional
parameters, and F equals the kernel number. Y ∈ R N ×F refers
to the output of the G-Conv.
As a matter of fact, the geometry of the hyperspectral data
in the feature space is highly nonlinear, but structured (the
data indeed lives on a low-dimensional manifold). The feature
space is severely impacted by varying illumination conditions
and other factors, while working on the graph may bring an
enhanced robustness [44]. Actually, taking the characteristics
of HSI into consideration, increasing efforts have been devoted
to GCN for HSIC, which demonstrate impressive classification performance. For example, Qin et al. [14] proposed a
spectral–spatial GCN (S2 GCN) to make use of the spatial

Fig. 1.

Scheme of convolutional prototype learning.

information, which achieved significant improvement on the
vanilla GCN. In this study, we make further exploration of
the cross-scale complementary spatial information and the
dependence of the hidden intranode by taking both advantages
of the G-Conv and the standard convolutions. In specific,
the G-Conv is utilized to propagate the information of the
labeled samples into the unlabeled data, while the standard
1-D-Conv is adopted to investigate local correlations of the
intranode feature. By means of the interaction of multiple
scales and feature concatenation operation, more representative
features can be obtained for achieving a high-accuracy final
decision.
C. Convolutional Prototype Learning
Typically, the DL-based multiclass classification frameworks employ the softmax function in the last layer to
parse the comprehensive information derived from the initial sample and then output its probabilities belonging to
each predefined class. However, it has been proven that the
extracted representations in this manner are interclass separable but not intraclass compact. Consequently, the intraclass
distance is larger than that of the alike samples between
different categories and finally downgrades the classification
result [20], [21]. To alleviate this problem, convolutional
prototype learning (CPL) [22] is proposed and the scheme is
depicted in Fig. 1.
Specifically, suppose that we have three categories drawn in
different colors, and five training samples for each class. The
prototypes P = {p1 , p2 , p3 } representing each category and the
embedding feature f (θ, xi ) of the ith sample are simultaneous
derived from the convolutional operations parameterized by θ .
The utilized DCE objective function can be depicted as
L DCE (θ, P) = −

C
M 



1
1{ j = yi } log p xi ∈ p j |xi
M × C i=1 j =1

(6)
where yi is the true label of xi and 1 { j = yi } is an indicator
function. M and C are the numbers of training samples and
classes equaling 15 and 3 here, respectively. p(xi ∈ p j |xi )
means the probability that xi belonging to the jth class, which
is calculated by


e−αd ( f (θ,xi ),p j )
(7)
p xi ∈ p j |xi = C
−αd( f (θ,xi ),pk )
k=1 e
where α is a steepness parameter and d( f (θ, xi ), p j ) denotes
the distance between f (θ, xi ) and the jth prototype.
In test, given a query sample x̂, the corresponding underlying feature is denoted as x̂ , then its category will be determined by computing the distance to the learned prototypes,
which can be represented as
ŷ = arg min (d( f (θ, x̂), pi ))
i
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Fig. 2. Structure diagram of the proposed X-GPN for HSIC. It comprises four components: multiscale adjacency matrices construction, cross-scale feature
learning, SBAA, and a novel prototypical layer.

where ŷ is the predicted label to the test sample x̂. As in
Fig. 1, it is clear to interpret that x̂ belongs to the first class
since it is closest to p1 . In this work, we propose a novel
prototypical layer to integrate the CPL into GCN for enhancing
the discrimination of the feature representations.
III. P ROPOSED M ETHOD
A. Architecture of the Proposed X-GPN
The structure diagram of the proposed X-GPN is depicted
in Fig. 2, which consists of four components, including
multiscale adjacency matrices construction at the starting
point, subsequent cross-scale feature learning, SBAA module,
and the prototypical layer. First, taking multiscale contextual information into consideration, the multihop pixels of
the central pixel are connected to construct the multiscale
adjacency matrices, where the remaining positions are filled
with zeros. Next, the 1-D-Convs followed by the G-Convs
are performed on the graph signal with the assistance of the
adjacency matrices to extract the expressive cross-scale node
features. In this process, batch normalization (BatchNorm) is
employed to scale the node feature, which can prominently
accelerate the convergence process. Then, an SBAA module
is devised to automatically aggregate the distilled features
from multiple branches. Finally, in the designed prototypical
layer, the assembled embedding features and the prototypes
representing each class are interdependently optimized, which
determines the precise classification through simple distance
measurement. In the following, the accomplishments of the
frameworks will be elaborated on in detail.
B. Multiscale Adjacency Matrices Construction
Given an HSI dataset, assuming that the labeled samples (i.e., pixels) are Xlabeled ∈ R N1 ×L = {xl1 ; xl2 ; . . . ; xlN1 },
where N1 is the number of labeled samples and L denotes
the length of each pixel. The corresponding labels are

Y = {y 1 , y 2 , . . . , y N1 }, where each element is a scalar belonging to {1, 2, . . . , C} and C is the number of the classes.
Meanwhile, the unlabeled samples to-be-classified are denoted
as Xunlabeled ∈ R N2 ×L = {xu1 ; xu2 ; . . . ; xuN2 }, where N2 is the
number of the unlabeled samples, and N1 + N2 = N.
Taking all samples into account, the multiscale graph can
be represented as G s = (X, As ), where X ∈ R N ×L is the node
feature of the graph. As denotes the sth adjacency matrix, and
s is in the scope of {1, 2, 3} since three scales are involved into
the calculation in this article. For the non-Euclidean dataset,
e.g., citation networks, K nearest neighbors according to the
node distance are selected to establish the connections in A,
while in the regular grid HSI dataset, we choose to utilize
the physical neighborhoods to build the edges of the graphs.
In this manner, the significant spatial correlations of the land
covers can be preserved, which is prominent in the HSIC
tasks. Precisely, As can be calculated by the radial basis
function (RBF)
i
j 2
e−τ x −x  , if xi ∈ Rxs j or x j ∈ Rxs i
Ai, j =
0,
else

s

(9)

where τ is a hyperparameter influencing the weight of the
edges. Rxs i means the region with the size of (2s+1)×(2s+1)
centered around xi , analogously for Rxs j .
From the construction process of the adjacency matrices,
it can be found that compared with the standard convolutions
that investigate the spectral–spatial information of locally fixed
regions due to the local receptive field, the GCN can directly
utilize the correlations between adjacent pixels to conduct
flexible convolution on irregular image regions. Specifically,
this advantage is reflected in two aspects: 1) the samples out
of the training, validation, and test sets will not participate in
the subsequent calculation, which can avoid the interference
from the background pixels, especially for boundary regions
and 2) the edge weights between the nodes are calculated by
directly using the spectral distance of the training, validation,
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and test pixels in the scope of (2s + 1) × (2s + 1). That
indicates, if the central pixel and its surrounding pixels belong
to different classes, their connection weights will be relatively
small. Then, the information flow between these nodes is
naturally decreased, which explicitly facilitates the networks
to divide the samples into different categories. Hence, the
spatial-context structure of the HSI can be better modeled by
using the G-Convs [18], [41].
C. Cross-Scale Feature Learning
In virtue of the multiscale adjacency matrices, the feature
matrix is deeply investigated by the G-Conv and 1-D-Convs,
exploring the effective representations of each node. As [14],
we set K to 2 in the G-Convs, which are conducted on the
graph signal involving the neighbor nodes of the current node.
Then, (3) should be modified as:


gθ   xg ≈ θ0 xg + θ1 (L − I)xg + θ2 2(L − I)2 − 1 xg
 1



1
1
1 2
= θ0 − θ2 xg − θ1 D− 2 AD− 2 xg + 2θ2 D− 2 AD− 2
× xg .

(10)

Noticeably, different from one arbitrary node feature x (onepixel vector in the first G-Conv), the graph signal xg is the
feature in the same dimension overall the graph. As (4),
restricting θ = 2θ2 = −θ1 = θ0 − θ2 , (10) is simplified to
 1
2
1
1
1
gθ  xg ≈ θ I + D− 2 AD− 2 + D− 2 AD− 2
xg (11)
Then, the output feature maps of the sth scale can be obtained
by operating the first G-Conv on the graph signal X ∈ R N ×L

 1
1
1
1 2
H1s = I + D− 2 AD− 2 + D− 2 AD− 2
(12)
Xs1
where s1 ∈ R L×F1 refers to the learnable filter parameters in
the sth scale of the first G-Conv, and H1s ∈ R N ×F1 .
Inspired by the effective BatchNorm technique in
CNNs [45], [46], we perform normalization over the nodes
of the graph to reduce the internal covariance shift, in order
to boost the convergence and accelerate the training process.
Concretely, denote one graph signal after the first G-Conv as
s
h1g
∈ R N ×1 , the BatchNorm can be mathematically described
as
s
− μs1g
h1g
s
=
ĥ1g
s
σ1g
μs1g =

N
1  s(i)
h
N i=1 1g

1
s
σ1g
=
N

N

 s(i)
2
h1g − μs1g

(13)

i=1

s(i)
where h1g
represents the graph signal element of the ith
node. Next, ReLU nonlinear activation function [47] is performed to obtain the hidden feature Ĥ1s ∈ R N ×F1 .
In fact, the G-Conv mainly focuses on exploring the internode correlations. To explicitly exploit the intranode dependence between the node feature maps, we perform the standard
1-D-Conv on Ĥ1s , which can be expressed by


H2s = Ws Ĥ1s + b s
(14)

Fig. 3.

Implementation of the SBAA.

where H2s ∈ R N ×F1 denotes the output of the ReLU function
(·) following the 1-D-Conv in the sth scale. Ws and b s
represent the weight and bias that independently impose on
each node feature of the Ĥ1s . To achieve information exchange
between different scales and take advantage of the features
from both the upper and lower levels, we concatenate Ĥ1s and
H2k across scales to acquire H3s , which can be depicted as

H3s = Ĥ1s H2k , k = {1, 2, 3} and k = s
(15)
where || denotes the concatenation operation. Subsequently,
H3s is fed into the next G-Conv layer to obtain higher level
abstract representations H4s ∈ R N ×F2
 1

1
1
1 2
H3s s2
H4s = I + D− 2 AD− 2 + D− 2 AD− 2
(16)
where s2 ∈ R F1 ×F2 represents the trainable parameters of
the second G-Conv. Similarly, the BatchNorm and ReLU
function are successively imposed on H4s to generate the
refined hidden feature Ĥ4s . Next, dropout [48] regularization is
employed to alleviate the overfitting problems and promote the
generalization capability of the model. As a result, the output
of the dropout layer from each channel can be acquired as
H5s ∈ R N ×F2 .
D. Self-Branch Attentional Addition
In a given scene, the appearance of the same material
has various scales, which have different difficulty levels for
identifying its category. Intuitively, the distilled features from
each scale of each sample should have different importance
for reasoning the final category, too. To this end, we devise
an SBAA module to automatically integrate the deep node features H5s from multiple branches. Visually, the implementation
is delineated in Fig. 3.
Suppose h5 ∈ R F2 ×3 attributes one node feature of three
scales. We first squeeze it into a node descriptor D ∈ R1×3
along the node feature dimension through using 1-D global
average pooling. Then, the parameters are learned to explicitly
model the correlation between the features from different
branches. Specifically, D is fed into two consecutive fully
connected (FC) layers to obtain the attention weight vector
∈ R1×3 , which can be expressed as
=

(WD (WU Z))

(17)

where is the ReLU activation function. WU is the weight of
the first FC layer, which acts as upscaling with r hidden nodes.
WD is the weight of the second FC layer. Compared with using
only one FC layer, the two FCs structure has more nonlinearity
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for better fitting the complex correlation between channels.
The sigmoid function (·) is used as a gating mechanism
to control the value of attention weight ranging from 0 to 1.
To avoid unexpected information loss, the output node feature
from each scale is reused through residual connections. Then,
we have the output of the SBAA represented by
h6 =

3


h5s ⊗ (1 + s )

(18)

s=1

where h5s represents one node feature of the sth scale, and
s refers to the sth attention score of . h6 is one of
the output node feature denoted as H6 of the integrated
graph. Notably, from the above-mentioned cross-scale feature
learning and SBAA module, it is observed that the multiscale
spectral–spatial features can not only interact in the middle
level but also flexibly aggregate in the higher level, which can
boost the representativeness of the extracted in-depth features.
E. Prototypical Layer
At the end of the networks, the attentional merged node
feature H6 is fed into a prototypical layer to anatomize their
attribution information. As introduced in Section II-C, in the
training process, the optimal prototypes in the prototypical
layer are cooperatively learned with the node features, while
in the test procedure, categories of the unlabeled samples can
be determined by (8). To further enhance the discrimination
of the extracted features, we devise an ER involving both the
labeled and unlabeled samples, which can be depicted as
L ER (Y) = −

C
N
1 
ŷ j log ŷ j
N × C i=1 j =1



e−αd (h6 ,p j )
ŷ j = p xi ∈ p j | xi = C
−αd(h6 ,pk )
k=1 e

(19)

where ŷ j denotes the predict probability that the ith sample
xi belongs to the jth class, i.e., the normalized distance
between the corresponding node feature h6 of xi and the
jth prototype p j . Followed [22], we empirically assign the
Euclidean distance as the measurement in L DCE and L ER .
It is noteworthy that, benefited from the ER, the produced
prototypes are not only determined by the labeled samples but
also affected by the unlabeled data. Namely, the prototypes
are optimized using both the training and test samples during
the training procedure, and their representativeness can be
further enhanced for more precise classification under this
semisupervised generative strategy.
In addition, in the early training phase of the framework,
the prediction probability is suspect since the network has not
been well convergent. If we directly apply L ER (Y) from the
beginning, the classifier may be led to an unexpected bias.
Therefore, we employ a sigmoid function by using the current
epoch number to restrict L ER (Y). The temporal coefficient can
be calculated as
T =

epoch_ct − Epoch_num
1
2
,
t
=
1 + e−βt
Epoch_num

(20)

where β is a parameter affecting the warm-up period of
the regularizer. epoch_ct and epoch_num denote the current and the total epoch number during the optimization
process, respectively. Comprehensively, the objective function

Fig. 4. InP dataset. (a) False-color synthetic image (30-R, 25-G, and 18-B
bands). (b) Ground truth. (c) Standard training samples. Best in zoomed-in
view.

employed in the prototypical layer comprises the DCE loss
and the TER, which can be summarized as
L = L DCE + L TER = L DCE + TLER

(21)

In particular, the effectiveness of the proposed objective function will be analyzed in Section IV-H.
IV. E XPERIMENTS AND A NALYSIS
In order to evaluate the validity of our proposed networks,
abundant experiments are carried out on three real-world HSIC
benchmarks, i.e., Indian Pines (InP), University of Pavia (UP),
and Kennedy Space Center (KSC) scenes. The computing
power is provided by an NVIDIA GeForce GTX 1080Ti GPU.
The architecture of the networks is constructed by the familiar
TensorFlow DL frameworks. In addition, three widely used
criteria as average accuracy (AA), overall accuracy (OA), and
Kappa coefficient (k) are employed to quantitatively evaluate
the performance of the proposed and compared algorithms.
A. Experiment Datasets
1) Indian Pines: This classic InP dataset was collected
over Northwestern Indiana by the Airborne Visible/Infrared
Imaging Spectrometer (AVIRIS) facility. The spatial dimension comprises 145 × 145 pixels and the geographic resolution is 20 m. In the spectral dimension, reflection values
of 220 bands were recorded from 0.4 to 2.5 μm. We preserve
200 bands in our experiments after abandoning the noisy and
water-absorbed channels. The false-color synthetic image and
the ground truth are shown in Fig. 4(a) and (b), respectively.
We can observe that there are 16 labeled categories distributed
in the scenario. Since this image contains much noise and
most land-cover types are vegetation with minor spectral
differences, it is a challenging HSIC benchmark that is widely
used to assess the fresh algorithms.
2) University of Pavia: The UP dataset was captured by
the Reflective Optics System Imaging Spectrometer (ROSIS)
sensor over an urban field, which consists of 610 × 340 pixels
in 1.3-m spatial resolution. This image has 103 channels in
the wavelength ranging from 0.43 to 0.86 μm after removing
the noisy bands. Nine labeled land-cover classes exist in the
scene. The false-color composite image and ground truth are
displayed in Fig. 5(a) and (b), respectively.
3) Kennedy Space Center: The KSC dataset was acquired
over the Kennedy Space Center, FL, USA, by the AVIRIS
sensor. This image is composed of 224 bands with spectral
coverage from 0.4 to 2.5 μm. After discarding the low SNR
and water absorption bands, 176 channels are preserved in the
experiments. In the spatial dimension, there are 614 × 512
pixels with a resolution of 18 m. There are sixteen different
annotated land-cover types, such as “Scrub,” “Willow swamp,”
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TABLE I
L ABELED L AND -C OVER T YPES AND N UMBERS OF T RAIN , VALIDATION ,
AND T EST S AMPLES FOR INP D ATASET

Fig. 5. UP dataset. (a) False-color synthetic image (30-R, 25-G, and 18-B
bands). (b) Ground truth. (c) Standard training samples. Best in zoomed-in
view.

Fig. 6. KSC dataset. (a) False-color synthetic image (50-R, 30-G, and 20-B
bands). (b) Ground truth. (c) Controlled random sampling training samples.
Best in zoomed-in view.

TABLE II
L ABELED L AND -C OVER T YPES AND N UMBERS OF T RAIN , VALIDATION ,
AND T EST S AMPLES FOR UP D ATASET

and so on. Fig. 6(a) and (b) demonstrate its false-color image
and ground truth map, respectively.
For the first two datasets, their standard training and test
split scheme have been wildly utilized as benchmarks in the
recent literature [4], [15], [49]. Thus, we adopt this partitioning
mode in this study. The training locations are visualized
in Figs. 4(c) and 5(c), respectively. For the KSC dataset,
we employ the classic controlled random sampling strategy
(CRSS) [50]–[53] to choose 30 spatially separated labeled
samples from each class to constitute the training set, which is
shown in Fig. 6(c). Unlike the widely used random sampling
strategy, we can observe that the training set generated by
CRSS is concentrated locally and dispersed globally, which
is similar to the distribution of the standard training set of
UP. This training/test assignment is closer to the practical
application, which can ensure the realistic performance of
the proposed spectral–spatial classifier [31], and, in turn,
convincingly demonstrate the superior performance of our
proposed frameworks. Moreover, among these training sets,
10% samples are randomly selected as the validation data to
develop the networks. Namely, during the training process,
90% of the training sets are with available labels for optimizing
the learnable weights, and the remainder is utilized to fine-tune
the hyperparameters, such as the learning rate, epoch number,
and so on. In specific, the numbers of the train, validation,
and test samples of the experiment datasets are detailed in
Tables I–III, respectively.

L ABELED L AND -C OVER T YPES AND N UMBERS OF T RAIN , VALIDATION ,
AND T EST S AMPLES FOR KSC D ATASET

B. Experiment Setups
As shown in Fig. 2, we utilize three scales to construct
the adjacency matrices, which are subsequently involved
in the graph convolutional calculation to investigate the
spectral–spatial information. Specifically, spatial neighborhoods as 3 × 3, 5 × 5, and 7 × 7 of the central target
pixel are taken into account to fill the connections. Here, the
parameter τ in (9) affects the edge strength in the adjacency
matrices. We investigate the performance sensitivity of X-GPN

TABLE III

with different values of τ on the three datasets. In particular,
the grid search strategy is chosen to find the optimal value of
τ , which varies in the collection of {0.001, 0.01, 0.1, 1, 10}.
The overall classification accuracies are displayed in Fig. 7.
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TABLE IV
PARAMETER S ETTINGS OF THE N ETWORK

Fig. 7. Classification performance with different values of τ in the multiscale
adjacency matrices construction.

Fig. 8. Influence of the parameters of α and β in the proposed prototypical
layer. (a) InP. (b) UP. (c) KSC.

As shown in Fig. 7, the OA reaches an optimal point for all
datasets when τ = 0.01. It implies that the connection of the
graph nodes cannot be too tight or too loose for satisfactory
results. Thus, we set τ to 0.01 in our experiments.
For the cross-scale feature learning procedure, since the
GCN commonly has no need for very deep networks to obtain
satisfied performance [19], all experiment datasets share the
same network architecture comprising two G-Conv layers. The
hidden units of the first and second G-Conv are experimentally
assigned to 32 and 16, respectively. Besides, the standard
1-D-Convs are configured with the generally used 1 × 3 size
kernels. In addition, in the SBAA module, the number of
the hidden nodes in the first FC layer is empirically set to
10. To search the optimal network parameters, we employ
the Adam optimization algorithm with the full-batch gradient descent method, where the learning rate and the epoch
number are 0.01 and 1000, respectively. The relatively small
epoch number is benefited from the use of the BatchNorm
in our networks, which will be elaborated in Section IV-I.
Moreover, in order to mitigate the overfitting phenomenon,
early stopping, and dropout techniques are adopted, and the
dropout rate is set to 0.2 for the InP and UP, and 0.3 for KSC
datasets.
In the prototypical layer, the prototypes belonging to each
class are initialized to be orthogonal to promote their discrimination. There are two critical parameters that need to
be determined, i.e., the steepness parameters α and β in
TER. We analyze their influence on them by using the three
experiment datasets. Keeping other settings unchanged, the
tradeoff parameters α and β both vary in the set of {0.01,
0.1, 1, 10, 100}. The overall classification accuracies are
shown in Fig. 8. As can be observed, the OAs will collapse
if the α and β are set inappropriately, which indicates their
importance. And the performance achieves the best when
α = 1 and β = 10 for the three datasets. Therefore, we set

them to be 1 and 10, respectively. For the sake of brevity, the
above-mentioned parameter settings are summarized according
to different components of the network, which are listed
in Table IV.
C. Network Ablations
In this section, we perform ablation studies to determine
whether each component of the proposed frameworks is necessary and effective. Specifically, X-GPN w/o CS and w/o
SBAA and w/o both of them are tested on the three experiment
datasets. The first variant means that X-GPN removes the
1-D-Convs and cross-scale feature concatenate operations,
while the third variant is denoted as GPN. Table V shows the
influence of the ablations, where the results are mean accuracies and the standard deviations over ten independent runs.
The highest values are highlighted in bold. It can be seen
that X-GPN achieves the optimal results and the performance
degrades if CS and SBAA are cut off. In specific, the OA of
X-GPN surpasses X-GPN w/o CS, X-GPN w/o SBAA, and
GPN by 0.31%, 0.53%, and 1.02% on the InP dataset, respectively; by 0.57%, 0.54%, and 0.72% on the UP dataset,
respectively; by 1.16%, 1.58%, and 1.99% on the KSC dataset,
respectively.
Besides, we employ McNemar’s test to validate the significance of classification accuracies produced by the X-GPN and
other variants. In detail, McNemar’s test can be performed by
fi j − f j i
zi j = 
fi j + f j i

(22)

where f i j is the number of the samples that correctly categorized by algorithm i but incorrectly categorized by algorithm
j . |z| denotes the absolute value of z. For 5% level of
significance, the |z| value is 1.96. That means, if the |z|
value is greater than this quantity, the two classification maps
have significant discrepancy. Concretely, Table V presents the
average |z| values achieved from the InP, UP, and KSC datasets
of the proposed X-GPN against other variants. A “True” here
denotes the two classification methods in McNemar’s test have
significant performance discrepancy. Evidently, the proposed
classification framework is statistically different from its counterparts with 5% significance level (|z| > 1.96).
As for the computational complexity, the three lightweight
1-D-Convs just have 4 × 3 = 12 parameters and the SBAA
module with two FCs only has 3 × 10 × 2 = 60 parameters,
which are negligible compared with that of the principal
G-Convs of the networks. In conclusion, it can be inferred
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TABLE V
C LASSIFICATION R ESULTS OF THE N ETWORK A BLATIONS ON THE T HREE E XPERIMENT D ATASETS

TABLE VI
C LASSIFICATION A CCURACIES O BTAINED BY D IFFERENT A LGORITHMS FOR INP D ATASET

that, while the proposed framework seems complex, each
partition of it is productive and efficient for achieving better
classification.
D. Classification Performance
To demonstrate the superiority of our proposed algorithm,
we compare X-GPN with some prevalent and SOTA HSIC
approaches, where the parameter configurations are kept the
same with the corresponding publications. Specifically, the
RBF-SVM [27] denotes the SVM with the RBF kernel,
which acts as a milestone in traditional HSIC. The popular
CNN-based methods, i.e., 2-D-CNN [36], 3-D-CNN [37],
PPF-CNN [38], and DR-CNN [39], are highly cited as
spectral–spatial HSIC baselines. Hence, we employed them to
compare with X-GPN. In addition, GCN [13] introduces DL
paradigm into graph learning. S2 GCN [14] further takes advantage of both spectral and spatial features in HSI. MDGCN [19]
is one of the recently proposed SOTA methods, which
also utilizes multiscale spatial information. Thus, the three
graph-related SSL methods are also taken as comparisons.
All algorithms are executed up to ten times in our experiments.
In detail, the obtained mean per-class accuracy, AA, OA, k,
and the number of the parameters of the DL-based networks

are displayed from Tables VI–VIII. The highest accuracies of
each row are highlighted in bold.
From Table VI, we can observe that the presented X-GPN
obtains the best performance with respect to AA, OA, and k.
As expected, the traditional RBF-SVM is inferior to the
following DL-based approaches. Regarding AA, it is shown
that the SSL methods based on graph convolution exceed
the supervised CNN-based networks, which demonstrates its
potential in HSIC to a certain degree. What is more, with a
moderate number of parameters, most class-specific accuracies
of X-GPN rank first place among these methods, and ten
classes even reach 100% perfect prediction. Especially, for
the tenth class named Soybean-notill, X-GPN achieves 99.89%
accuracy, while it is difficult for other methods to recognize.
It can be speculated that the cross-scale graphs have a strong
capability to investigate the abundant spectral–spatial features
contained in the HSI. Besides, the SBAA module and prototypical layer can produce more discriminative representations,
which boosts the classification performance.
Table VII shows the classification results of various algorithms on the UP dataset. Due to the scattered gathered
distribution of the training samples, the high-accuracy classification is challenging for most of the methods. Thus,
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TABLE VII
C LASSIFICATION A CCURACIES O BTAINED BY D IFFERENT A LGORITHMS FOR UP D ATASET

TABLE VIII
C LASSIFICATION A CCURACIES O BTAINED BY D IFFERENT A LGORITHMS FOR KSC D ATASET

their accuracies are comparatively low. Taking both spectral
and spatial information into account, 3-D-CNN and S2 GCN
acquire improved performance than 2-D-CNN and GCN,
respectively, which verifies the significance of spectral–spatial
merged characteristics in HSI. Furthermore, DR-CNN also
acquired remarkable results mainly attributed to the exploited
diverse spatial information. Most significantly, we can observe
that the proposed X-GPN outperforms the SOTA MDGCN by
a substantial margin although with more parameters. In concrete, the AA, OA, and k gain encouraging 4.74%, 4.19%,
and 5.66% improvements, respectively. It is reasonable to infer
that our proposed framework has a better ability to handle the
dataset with many irregular boundaries.
In Table VIII, some similar conclusions can be summarized on the KSC dataset. The classification result of
the X-GPN method again reaches the top-level among different algorithms regarding the measurements of AA, OA,
and k. Moreover, profited by the data augmentation strategy
using pixel-pair features and diverse regions, PPF-CNN and
DR-CNN also obtain satisfactory performance as achieving
100% right prediction for up to seven land-cover categories.
Owing to the preprocessing of the superpixel segmentation, the
SOTA MDGCN acquires competitive performance with the
least parameters. Nevertheless, X-GPN slightly outperforms
MDGCN by 2.44%, 0.21%, and 0.24% in terms of AA, OA,
and k, respectively. It indicates that the cross-scale architectures, SBAA module, and prototypical layer together make the
proposed network an advanced HSIC model.

Fig. 9.
Classification maps produced by different methods using the
InP dataset. (a) Ground truth. (b) RBF-SVM. (c) 2-D-CNN. (d) 3-D-CNN.
(e) PPF-CNN. (f) DR-CNN. (g) GCN. (h) S2 GCN. (i) MDGCN. (j) X-GPN
w/o CS. (k) X-GPN w/o SBAA. (l) X-GPN. Best in zoomed-in view.

For visually subjective evaluation, the classification maps
along with the ground truth for the InP, UP, and KSC datasets
are delineated from Figs. 9–11, respectively. Besides, the
classification maps obtained by the X-GPN w/o CS and
X-GPN w/o SBAA are also depicted to demonstrate their
significant discrepancy. Figs. 9–11 are in consistent with
Tables V–VIII for various algorithms. In general, it is evident
the classification maps obtained by X-GPN have the highest
quality since they are closest to the ground truth with the least
misclassification. Due to exclusively exploiting the spectral
information without the spatial profiles, there exist many
scattered salt-and-pepper noises in the maps of RBF-SVM
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TABLE IX
C LASSIFICATION P ERFORMANCE ON THE H IGHER R ESOLUTION
S AMPLES OF HU2018 D ATASET

Fig. 10. Classification maps produced by different methods using UP dataset.
(a) Ground truth. (b) RBF-SVM. (c) 2-D-CNN. (d) 3-D-CNN. (e) PPF-CNN.
(f) DR-CNN. (g) GCN. (h) S2 GCN. (i) MDGCN. (j) X-GPN w/o CS.
(k) X-GPN w/o SBAA. (l) X-GPN. Best in zoomed-in view.

Fig. 11. Classification maps produced by different methods using KSC
dataset. (a) Ground truth. (b) RBF-SVM. (c) 2-D-CNN. (d) 3-D-CNN.
(e) PPF-CNN. (f) DR-CNN. (g) GCN. (h) S2 GCN. (i) MDGCN. (j) X-GPN
w/o CS. (k) X-GPN w/o SBAA. (l) X-GPN. Best in zoomed-in view.

and GCN methods. In contrast, the classification maps derived
from the spectral–spatial classifiers are more compact and
smoother. In particular, due to the consideration of multiscale
spatial information, the SOTA MDGCN and our proposed
X-GPN can acquire classification results with clearer edges,
where the cross-boundary samples are hard to be accurately
classified. This implies that the proposed method can precisely
extract the distinguishing features to help recognize different
materials even with similar characteristics.
E. Performance Under Various Number of Training Samples
In this part, we validate the performance of the proposed X-GPN under various percentages of the training data.
To guarantee a reliable conclusion, the competitive methods,
i.e., PPF-CNN, DR-CNN, GCN, S2 GCN, and MDGCN are
also executed under the same training partitions to serve
as comparisons. In specific, while keeping the test data
as the same as in Tables I–III, 20%–80% training data of
each class are randomly chosen from Figs. 4(c)–6(c). The
average OA of ten individual tests on the three datasets are
delineated in Fig. 12, where the 100% exactly refers to all
training samples shown in Figs. 4(c)–6(c). From Fig. 12,
it can be observed that our proposed X-GPN always ranks
first on the InP and UP datasets as the training set varies.
However, it works poorer than the SOTA MDGCN on the
KSC dataset when 20%–80% of the training set is used.
The possible reason is that the labeled samples of KSC are
more intensive than the other two datasets. In this context,
the superpixel-level training samples in MDGCN will not
reduce that much as the pixel-level training samples decrease,
which ensures the stability of the MDGCN on KSC dataset
under fewer training samples. Besides, the DR-CNN and

S2 GCN also demonstrate encouraging performance profited
from the diverse scale contextual information and semisupervised graph learning process, respectively. In practice, the
proposed X-GPN is capable of combining both advantages to
obtain more satisfactory results.
F. Performance on HSI With Higher Resolution Samples
To give a more comprehensive evaluation, the experiments
on another higher resolution dataset, i.e., Houston University
2018 (HU2018) with 1-m spatial resolution, are presented. The
HU2018 dataset was captured on February 16, 2017, by the
CASI-1500 over the area of the Houston University, which is
available from the 2018 IEEE GRSS data fusion contest. The
large-scale image has 601 × 2384 pixels with 50 channels
sampling the wavelength of between 0.38 and 1.05 μm. The
ground truth contains 20 land-cover types and Table IX gives
the specific training and test division as [54]. Table IX also
reports the classification results of the proposed X-GPN and
the strongest competitors, i.e., DR-CNN, S2 GCN, and the
SOTA MDGCN. It can be observed that the proposed X-GPN
works the best on this higher resolution dataset as well. For
instance, the X-GPN promotes the accuracies of about 4.13%,
18.71%, and 7.06% in OA compared with DR-CNN, S2 GCN,
and MDGCN, respectively. Furthermore, Fig. 13 presents the
classification maps corresponding to Table IX. The false-color
synthetic image, ground truth, and the distribution of the
training samples are also depicted for convenient comparison.
It can be seen that the X-GPN achieves the optimal consistency with the ground truth, especially for the eighth category Residential, which demonstrates the best classification
performance.
G. Influence of Different Number of Scales and Their Sizes
This section analyzes the influence of different number of
scales and their sizes on the classification performance, which
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Fig. 12. Classification performance of PPF-CNN, DR-CNN, GCN, S2 GCN, MDGCN, and the proposed X-GPN with various number of training samples.
(a) InP. (b) UP. (c) KSC.
TABLE X
C LASSIFICATION P ERFORMANCE I NFLUENCED BY D IFFERENT N UMBER OF S CALES AND S IZES

Fig. 14. Feature visualization with different loss functions for InP dataset.
(a) Softmax (OA = 90.98%). (b) DCE (OA = 95.89%). (c) DCE + TER
(OA = 98.68%).
Fig. 13. HU2018 dataset. (a) False-color synthetic image (21-R, 12-G, and
5-B bands). (b) Ground truth. (c) Specific training samples. (d) DR-CNN.
(e) S2 GCN. (f) MDGCN. (g) X-GPN. Best in zoomed-in view.

plays an important role as the beginning of the frameworks.
Specifically, the scales of 3 × 3, 5 × 5, 7 × 7, and 9 × 9
are selected to carry out the experiments. The AA, OA, and
k obtained by their sequential combinations from one to four
scales are shown in Table X. It can be seen that the utilization
of multiscale adjacency matrices achieves the best result when
the number of scales is set to three and their sizes are 3 ×
3, 5 × 5, and 7 × 7 for all datasets. It indicates that fewer
scales (i.e., one or two scales) cannot adequately exploit the
rich spectral–spatial information, while more scales and large
size may bring side effects to the classifier. For example, the
overfitting phenomenon occurs when four scales are employed
for the KSC dataset.
H. Feature Visualization With Different Loss Functions
To assess the superiority of the proposed prototypical
layer, we test the backbone framework as in Fig. 2 with:
1) softmax-based cross-entropy loss; 2) DCE loss; and

3) DCE + TER loss functions, respectively. For convenient
analysis, the generated embedding features of InP datasets
before the softmax function or in the prototypical layer
are visualized in Fig. 14 by using the t-SNE method [55].
Correspondingly, the obtained OAs are 90.98%, 95.89%, and
98.68%, respectively. From Fig. 14, the different classification
performances can be interpreted. First, we can find that the
feature acquired by the softmax function are entangled with
each other, and the intraclass distance is larger than that of
the interclass for most categories. It will apparently bring
difficulties for accurate classification. In contrast, as shown
in Fig. 14(b), the utilized DCE loss can make the intraclass
features more compact and interclass more separable, which
facilitates distinguishing different land covers precisely. Moreover, from Fig. 14(c), it is observed that the devised TER can
further force the intraclass features to be closer. As a result,
the boundaries between different land-cover classes are clearer
to achieve more accurate identification.
I. Analysis of the BatchNorm and Computational Cost
Taking inspiration from the widely used BatchNorm in the
standard CNNs, we conduct the BatchNorm overall graph
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Fig. 15. Train/validation loss and accuracy of X-GPN with BatchNorm and
w/o BatchNorm for UP dataset. (a) X-GPN with BatchNorm, (b) X-GPN w/o
BatchNorm.
TABLE XI
C OMPUTATIONAL C OST OF THE T RAINING AND T EST
P ROCEDURE OF VARIOUS M ETHODS
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the neighborhoods of three scales into account to construct
the adjacency matrices and then investigate the abundant
spectral–spatial features through graph convolutions in a transductive manner. In particular, in order to exploit the complementary information between different scales, we utilize
the lightweight standard 1-D-Conv to explore the intranode
dependence and then concatenate the output with the features
produced by the other two scales. Furthermore, we design
an SBAA module to automatically aggregate the multistream
deep node features. In the above-mentioned two ways, the
multiscale information can not only interact in the middle-level
but also be flexibly integrated into the relatively high level,
which is more favorable to generate comprehensive representations. Moreover, we devise a new prototypical layer,
including the DCE loss and TER to enhance the discrimination
of the extracted features, i.e., intraclass compact and interclass
isolated, which can further promote the classification accuracy.
Overall, abundant experiment results demonstrate that our
proposed frameworks can achieve superior performance than
the classic and SOTA algorithms. In future work, we will
develop lightweight networks to reduce the memory usage
and model complexity while maintaining the classification
capability.
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