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ABSTRACT

Graph convolutional networks (GCNs) have been success-
fully and widely applied in computer vision and machine
learning fields. As a powerful tool, GCNs have recently
received increasing attention in the remote sensing commu-
nity, e.g., hyperspectral image (HSI) classification. However,
the application ability of GCNs in identifying the materi-
als via spectral signatures remains limited, since traditional
GCNs fail to extract node features for large-scale graphs ef-
ficiently. Also, simultaneous consideration of all samples
in GCNs tends to obtain poor representations, possibly due
to the vanishing gradient problem. To this end, we in this
paper develop a novel mini-batch GCN (miniGCN) for HS
image classification. More importantly, miniGCN not only
can effectively train the network via mini-batch sampling in
a supervised way, but also directly infer new samples (out-of-
sample) without re-training GCNs. Experiments conducted
on two commonly-used HSI datasets demonstrate the superi-
ority of miniGCN over other state-of-the-art network archi-
tectures. The codes of this work are available at https:
//github.com/danfenghong/IEEE_TGRS_GCN for
the sake of reproducibility.

Index Terms— Classification, deep learning, graph con-
volutional network, hyperspectral image, mini-batch.

1. INTRODUCTION

Owing to rich spectral information, the hyperspectral image
(HSI) is capable of detecting or identifying the materials or
objects of interest more easily and accurately [1]. Over the
past decades, both hand-crafted feature extraction, e.g., filter-
ing [2], morphological profiles [3], image descriptors [4], and
subspace learning-based feature representation, e.g., sparse
representation [5], manifold learning [6], approaches have
been largely developed and successfully applied in the HSI
classification task. Nevertheless, these methods inevitably
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Fig. 1: An illustration to compare the basic network architec-
ture of CNNs and GCNs in HSI classification.

meet the performance bottleneck due to the lack of more
powerful spectral representability.

Inspired by the recent success of deep learning (DL)
techniques [7, 8], many advanced deep networks have been
proposed and obtain better HSI classification results, such
as fully connected network, (FCN), autoencoder (AE), con-
volutional neural network (CNN), recurrent neural network
(RNN), generative adversarial network (GAN), etc. Yet they
only regard the HSI as grid data and extract feature represen-
tations in the Euclidean space. This, to a great extent, fails
to consider and measure relations between samples in feature
extraction and classification. In recent years, graph convo-
lutional networks (GCNs) [9] have been garnering growing
interest in HSI classification, due to its strong ability in han-
dling graph structure data by effectively modeling long- and
short-range relations between samples or spectral signatures.
Fig. 1 illustrates the differences between GCNs and CNNs
in HSI classification. However, some potential problems that
lie in GCNs limit the classification performance of HSIs to
be further improved and its practical applications, e.g., high
computational cost (large graphs), out-of-sample issue (fail to
predict new samples without re-training), large memory costs
and slow gradient descent (full-batch training).

To overcome these difficulties, we propose to use mini-
batch sampling for GCNs, mini-batch GCNs (miniGCNs) for
short, which can be trained in a mini-batch fashion for HSI
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Fig. 2: Network architecture illustration of the proposed miniGCNs for HSI classification.

classification, being the same as CNNs. Note that journal
version has been published in IEEE TGRS, where the read-
ers can find more details [10]. More specifically, the main
contributions of this paper can be summarized as follows

• The proposed miniGCNs not only can address the issue
of high computational cost caused by full-batch train-
ing, tending to find a better local optimum, but also can
infer new samples out of the training set without re-
training GCNs.

• To our best knowledge, this is the first time to propose
to use GCNs with mini-batch training for the HSI clas-
sification task. This might provide a new sight to guide
how to use GCNs to classify the HSI more effectively.

The rest of this paper is organized as follows. Section 2
details the network architecture and clarifies how to sample
the whole graph. Experiential results are conducted on the
two hyperspectral datasets in comparison with representative
baseline methods in Section 3. Finally, Section 4 draws a
conclusion with a possible future outlook.

2. MINI-BATCH GRAPH CONVOLUTIONAL
NETWORKS

2.1. A Brief Review of GCNs

The graph G is the core structure in GCNs, which aims to de-
pict the relationship (via edges E) between nodes V in a non-
Euclidean space. Accordingly, the pixels in HSIs and their
similarities can be directly seen as nodes and edges in a graph,
respectively. The adjacency matrix A [11, 12] is usually used
to define the graph structure to represent the similarities be-
tween pixels, which can be computed by

Ai,j = exp(−‖xi − xj‖2

σ2
), (1)

where xi and xj denote two spectral signatures corresponding
to two different HS pixels, and σ is the width of the radial
basis function. Using Eq. (1), the Laplacian matrix L can
be obtained by L = D −W, where D denotes the diagonal
matrix given by Di,i =

∑
j Ai,j .

According to [9], the propagation rule from the l-th layer
to l + 1-th layer in GCNs can be deducted as follows:

H(`+1) = h(AH(`)W(`) + b(`)), (2)

where H(l) denotes the hidden representations in the l-th layer
with respect to the variables W and b. Moreover, to avoid the
scaling factors in the propagation process between layers, the
normalized adjacency matrix (Ã) is used to replace A in Eq.
(2), we then have the following updated rule:

H(`+1) = h(D̃− 1
2 ÃD̃− 1

2H(`)W(`) + b(`)). (3)

Using Eq. (4) to replace the traditional layer-wise propa-
gation rule in FCNs or CNNs, the GCNs can be also used for
the classification task.

2.2. Proposed MiniGCNs

The traditional GCN is a semi-supervised learning approach
with full-batch network training since it has to consider all
samples in a large graph form in the training process. Train-
ing GCNs with such a large graph not only needs high com-
putational cost and memory storage, which can not usually be
performed in the PC, but also tends to meet the performance
bottleneck. More importantly, the trained network parameters
of GCNs fail to be directly used to predict the new samples
without re-training.

Through the above analysis around the drawbacks and
limitations of GCNs, we expect to make GCNs trainable in a
mini-batch fashion. For this purpose, we propose miniGCNs,
which is trained in a supervised manner, i.e., without any in-
formation of unlabeled samples. This also makes it possi-
ble for testing samples to be directly inferred by using the
trained networks. The network architecture of the proposed
miniGCNs for HSI classification is given in Fig. 2.

Intuitively, our miniGCNs sample the whole graph to per-
form mini-batch training of GCNs. Supported by the propo-
sition given in [13], the update rule of graph convolutions in
the s-th batch can be rewritten as

H̃(`+1)
s = h(D̃

− 1
2

s ÃsD̃
− 1

2
s H̃(`)

s W(`) + b(`)
s ). (4)
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Fig. 3: An example to show how can miniGCNs sample the
whole graph to achieve the mini-batch training in GCNs.

Considering a special case, i.e., randomly sampling without
replacement in the whole graph [14], the hidden representa-
tions of the (`+ 1)th layer in one epoch can be then obtained
by collecting results of all batches:

H(`+1) = [H̃
(`+1)
1 , · · · , H̃(`+1)

s , · · · , H̃(`+1)
n ], (5)

where n is the number of sampled batches. Fig. 3 illustrates
the mini-batch sampling process in the proposed miniGCNs.

3. EXPERIMENTS

3.1. Data Preparation

3.1.1. Indian Pines Data

The first dataset has been widely used in the HSI classifi-
cation, which was acquired by the Airborne Visible/Infrared
Imaging Spectrometer (AVIRIS) sensor, covering the Indian
Pines forest, Indiana, USA. The image consists of 145× 145
pixels and 220 spectral bands ranging from 400 nm to 2500
nm. However, only 200 channels are retained due to the ef-
fects of noises and water absorption in 20 bands of all ones,
e.g., 104-108, 150-163, and 220. In the studied scene, the
details about the number of training and testing samples for
each category can be found in [15], and a false-color image
and the spatial distribution of training and testing samples are
shown in Fig. 4.

3.1.2. Houston2013 Data

The second HSI was provided by the 2013 IEEE GRSS data
fusion contest, which was acquired by the ITRES CASI-1500
sensor. The image scene consists of 349 × 1905 pixels and
144 spectral channels in the range of 364 nm to 1046 nm.

Table 1: Performance comparison of HSI classification meth-
ods on the Indian Pines data. The best one is shown in bold.

Class No. KNN RF SVM 1-D CNN GCNs miniGCNs
1 45.45 57.80 67.34 47.83 65.97 72.54
2 46.94 56.51 67.86 42.35 72.70 55.99
3 77.72 80.98 93.48 60.87 87.50 92.93
4 84.56 85.68 94.63 89.49 93.74 92.62
5 80.06 79.34 88.52 92.40 91.39 94.98
6 97.49 95.44 94.76 97.04 97.49 98.63
7 64.81 77.56 73.86 59.69 75.38 64.71
8 48.68 58.85 52.07 65.38 51.70 68.78
9 44.33 62.23 72.70 93.44 62.7 69.33
10 96.30 95.06 98.77 99.38 96.91 98.77
11 74.28 88.75 86.17 84.00 86.25 87.78
12 15.45 54.24 71.82 86.06 66.97 50.00
13 91.11 97.78 95.56 91.11 95.56 100.00
14 33.33 56.41 82.05 84.62 71.79 48.72
15 81.82 81.82 90.91 100.00 81.82 72.73
16 40.00 100.00 100.00 80.00 100.00 80.00

OA (%) 59.17 69.80 72.36 70.43 71.97 75.11
AA (%) 63.90 76.78 83.16 79.60 81.12 78.03

κ 0.5395 0.6591 0.6888 0.6642 0.6852 0.7164

Note that this dataset is processed by removing the effects
of clouds using illumination-related threshold methods based
on the similarities between spectral signatures. This cloud-
free hyperspectral product was generated by Prof. N. Yokoya
from the University of Tokyo and RIKEN AIP. Fig. 5 shows
a false-color image of the studied hyperspectral scene and the
spatial distribution of the used training and testing sets.

3.2. Experimental Setup

3.2.1. Network Configuration

The networks, including the proposed miniGCNs and com-
pared models are implemented on the Tensorflow platform.
The Adam [16] is selected as the optimizer to update the net-
work parameters. Also, an “exponential” policy is adopted to
dynamically update the learning rate at intervals of 50 epochs
by multiplying a basic learning rate (0.001 in our case), i.e.,
(1 − iter

maxIter )
0.5. Moreover, we set the maximum number

of epochs as 200 and the `2-norm regularization parameter
as 0.001. To speed up the network learning and reduce the
effects of over-fitting, batch normalization (BN) [17] is used
with 0.9 momentum and 32 batch size.

3.2.2. State-of-the-art Compared Methods

To verify the classification performance of the proposed
miniGCNs, we compare with several well-known and repre-
sentative state-of-the-art baselines, such as K-nearest neigh-
bor (KNN) classifier, random forest (RF), support vector
machine (SVM), 1-D CNN, GCNs, in terms of three quan-
titative indices: Overall Accuracy (OA), Average Accuracy
(AA), Kappa Coefficient (κ).



Table 2: Performance comparison of HSI classification meth-
ods on the Houston2013 data. The best one is shown in bold.

Class No. KNN RF SVM 1-D CNN GCNs miniGCNs
1 83.19 83.38 83.00 87.27 90.14 98.39
2 95.68 98.40 98.40 98.21 99.08 92.11
3 99.41 98.02 99.60 100.00 79.94 99.60
4 97.92 97.54 98.48 92.99 96.69 96.78
5 96.12 96.40 97.82 97.35 86.18 97.73
6 92.31 97.20 90.91 95.10 33.33 95.10
7 80.88 82.09 90.39 77.33 97.09 57.28
8 48.62 40.65 40.46 51.38 71.63 68.09
9 72.05 69.78 41.93 27.95 70.93 53.92
10 53.19 57.63 62.64 90.83 72.17 77.41
11 86.24 76.09 75.43 79.32 85.22 84.91
12 44.48 49.38 60.04 76.56 63.41 77.23
13 28.42 61.40 49.47 69.47 62.34 50.88
14 97.57 99.60 98.79 99.19 89.73 98.38
15 98.10 97.67 97.46 98.10 99.36 98.52

OA (%) 77.30 77.48 76.91 80.04 81.19 81.71
AA (%) 78.28 80.35 78.99 82.74 79.82 83.09

κ 0.7538 0.7564 74.94 0.7835 0.7962 0.8018

3.3. Results and Analysis

Tables 1 and 2 quantify the classification accuracies of differ-
ent HSI classification algorithms on both datasets, while Figs.
4 and 5 correspondingly visualize the classification maps for
qualitative comparison.

Overall, the performance using the traditional classifiers
(e.g., KNN, RF, SVM) is inferior to that using deep networks.
It should be noted, however, that SVM sightly performs bet-
ter than other classifiers as well as 1-D CNN and GCNs on
the Indian Pines data. The GCNs tend to obtain higher clas-
sification accuracies compared to 1-D CNN, due to the use
of unlabeled samples and the embedding of relations between
samples, nearly 1%-2% OAs on both datasets. As expected,
our proposed miniGCNs outperform other compared meth-
ods observably, particularly on the Indian Pines data, despite
only a supervised network learned on the training set. Al-
though the miniGCNs only achieve a slight performance im-
provement (about 0.5% OA) over GCNs on the Houston2013
dataset, yet this can also show the effectiveness of the mini-
batch sampling in method. In other words, the performance is
comparable at least without using additional unlabeled sam-
ples and the complete graph structure. In addition, there are
similar visual trend in Figs. 4 and 5, where miniGCNs, to
some extent, are capable of identifying and classifying the
materials, demonstrating more realistic classification results.

4. CONCLUSION

In this paper, we propose a novel GCN version, called
miniGCN, which can be trained in a mini-batch fashion,
just like CNN, for HSI classification. MiniGCNs have the ad-
vantages over traditional GCNs, which not only can train the
GCNs more robust and faster, due to the utilization of mini-
batch sampling, but also can infer the out of new samples
directly without the need of re-training a new GCN. In the
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Fig. 4: Classification maps of different HSI classification
methods on the Indian Pines data.

future, we would like to further investigate different sampling
strategies for graphs and also develop more advanced GCNs
on both performance and efficiency.
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