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Abstract: Deep learning has achieved great success in hyperspectral image classification. However, when
processing new hyperspectral images, the existing deep learning models must be retrained from
scratch with sufficient samples, which is inefficient and undesirable in practical tasks. This paper
aims to explore how to accurately classify new hyperspectral images with only a few labeled samples,
i.e., the hyperspectral images few-shot classification. Specifically, we design a new deep classification
model based on relational network and train it with the idea of meta-learning. Firstly, the feature
learning module and the relation learning module of the model can make full use of the spatial–spectral
information in hyperspectral images and carry out relation learning by comparing the similarity between
samples. Secondly, the task-based learning strategy can enable the model to continuously enhance
its ability to learn how to learn with a large number of tasks randomly generated from different data
sets. Benefitting from the above two points, the proposed method has excellent generalization ability
and can obtain satisfactory classification results with only a few labeled samples. In order to verify
the performance of the proposed method, experiments were carried out on three public data sets.
The results indicate that the proposed method can achieve better classification results than the traditional
semisupervised support vector machine and semisupervised deep learning models.

Keywords: hyperspectral image few-shot classification; deep learning; meta-learning; relation network;
convolutional neural network

1. Introduction

Hyperspectral remote sensing, as an important means of earth observation, is one of the most
important technological advances in the field of remote sensing. Utilizing the imaging spectrometer
with very high spectral resolution, hyperspectral remote sensing can obtain abundant spectral
information on the observation area so as to produce hyperspectral images (HSI) with a three-
dimensional data structure. As HSI have the unique advantage of “spatial–spectral unity” (HSI
contain both abundant spectral and spatial information), hyperspectral remote sensing has been
widely used in fine agriculture, land-use planning, target detection, and many other fields.

HSI classification is one of the most important steps in HSI analysis and application, the basic
task of which is to determine a unique category for each pixel. In early research, the working mode
of feature extraction combined with classifiers such as support vector machines (SVM) [1] and random
forest (RF) [2] was dominant at the time. Initially, in order to alleviate the Hughes phenomenon caused
by band redundancy, researchers introduced a series of feature extraction methods to extract spectral
features conducive to classification from abundant spectral information. Common spectral feature
extraction methods include principal component analysis (PCA) [3], independent component analysis
(ICA) [4], linear discriminant analysis (LDA) [5], and other linear methods, as well as kernel principal
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component analysis (KPCA) [6], locally linear embedding (LLE) [7], t-distributed stochastic neighbor
embedding (t-SNE) [8], and other nonlinear methods. Admittedly, the above feature extraction method
can achieve some results, but ignoring spatial structure information in HSI still seriously hinders
the increase of classification accuracy. To this end, a series of spatial information utilization methods
are introduced, such as extended morphological profile (EMP) [9], local binary patterns (LBP) [10],
3D Gabor features [11], Markov random field (MRF) [12], spatial filtering [13], variants of non-negative
matrix underapproximation (NMU) [14], and so on. The extraction and utilization of spatial features
can effectively improve classification accuracy. However, due to the separation of feature extraction
process and classification in traditional classification mode, the adaptability between them cannot
be fully considered [15]. In addition, the classification results of traditional methods largely depend on
the accumulated experience and parameter setting, which lacks stability and robustness.

In recent years, with the development of artificial intelligence, deep learning has been applied
to the field of remote sensing [16]. Compared to traditional methods, deep learning can automatically
learn the required features from the data by establishing a hierarchical framework. Moreover, these features
are often more discriminative and more conducive to the classification. Stacked AutoEncoder (SAE) [17],
recurrent neural network (RNN) [18,19], and deep belief networks (DBN) [20,21] are first applied to HSI
classification. These methods can achieve higher classification accuracy than traditional methods under
certain conditions. Nevertheless, some necessary preprocessing must be performed to transform HSI
into a one-dimensional vector for feature extraction, which destroys the spatial structure information
in HSI. Compared with the above deep learning models, convolutional neural networks (CNNs) are more
suitable for HSI processing and feature extraction. At present, 2D-CNN and 3D-CNN are two basic
models widely used in HSI classification [22]. By means of two-dimensional and three-dimensional
convolution operation, 2D-CNN and 3D-CNN can both fully extract and utilize the spatial–spectral features
in HSI. Yue et al. take the lead in exploring the effect of 2D-CNN in HSI classification. Subsequently,
many improved models based on 2D-CNN have been proposed and refresh classification accuracy
constantly, such as DR-CNN [23], contextual deep CNN [24], DCNN [25], DC-CNN [26], and so on.
Most 2D-CNN-based methods use PCA to reduce the dimension of HSI in order to reduce the number
of channels in the convolution operation. However, this practice inevitably loses important detail
information in HSI. The advantage of 3D-CNN is that it can directly perform three-dimensional convolution
operation on HSI without any preprocessing and can make full use of spatial–spectral information to further
improve classification accuracy. Chen et al. take the lead in utilizing 3D-CNN for HSI classification
and have conducted detailed studies on the number of network layers, number of convolution kernels,
size of the neighborhood, and other hyperparameters [27]. On this basis, methods such as residual
learning [28], attention mechanism [29], dense network [30], and multiscale convolution [31] are combined
with 3D-CNN, resulting in higher classification accuracy. In addition, CNN is combined with other
methods such as active learning [32], capsule network [33], superpixel segmentation [34], and so on,
which can achieve promising classification results when the training samples are sufficient.

Indeed, deep learning has seen great success in HSI classification. However, there is still
a serious contradiction between the huge parameter space of the deep learning model and the limited
labeled samples of HSI. In other words, the deep learning model must have enough labeled
samples as a guarantee, so as to give full play to the its classification performance. Nevertheless,
it is difficult to obtain enough labeled samples in practice, because the acquisition of labeled samples
is time-consuming and laborious. In order to improve classification accuracy under the condition
of limited labeled samples, semisupervised learning and data augmentation are widely applied.
In [35,36], CNN was combined with semisupervised classification. In [37], Kang et al. first extracted PCA,
EMP, and edge-preserving features (EPF), then carried out classification by combining semisupervised
method and decision confusion strategy. In [27], Chen et al. generated virtual training samples
by adding noise to the original labeled samples, while in [38,39], the number of training samples were
increased by constructing training sample pairs. In recent years, with the emergence of generative
adversarial networks (GANs), many researchers have utilized the synthetic sample generated by GAN
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to assist in training networks [40–42]. It is true that the above methods can improve classification
accuracy under the condition of limited labeled samples, but they either further explore the feature
of the insufficient labeled samples or utilize the information of unlabeled samples in the HSI being
classified to further train the model. In other words, the HSI used to train model are exactly identical
to the target HSI used to test the model. This means that when processing a new HSI, the model must
be retrained from scratch. However, it is impossible to train a classifier for each HSI, which will incur
significant overhead in practice.

Few-shot learning is when a model can effectively distinguish the categories in the new data
set with only a very few labeled samples processing a new data set [43]. The availability of very few
samples challenges the standard training practice in deep learning [44]. Different from the existing
deep learning model, however, humans are very good at few-shot learning, because they can
effectively utilize the previous learning experience and have the ability to learn how to learn,
which is the concept of meta-learning [45,46]. Therefore, we should effectively utilize transferable
knowledge in the collected HSI to further classify other new HSI, so as to reduce cost as much as
possible. Different HSI contain different types and quantities of ground objects, so it is difficult
for the general transfer learning [47,48] to obtain satisfactory classification accuracy with a few labeled
sample. According to the idea of meta-learning, the model not only needs to learn transferable
knowledge that is conducive to classification but also needs to learn the ability to learn.

The purpose of this paper is to explore how to accurately classify new HSI which are absolutely
different from the HSI used for training with only a few labeled samples (e.g., five labeled samples
per class). More specifically, this paper designs a new model based on a relation network [49] for HSI
few-shot classification (RN-FSC) and trains it with the idea of meta-learning. The designed model is an
end-to-end framework, including two modules: feature learning module and relation learning module,
which can effectively simplify the classification process. The feature learning module is responsible
for extracting deep features from samples in HSI, while the relation learning module carries on
relation learning by comparing the similarity between different samples, that is, the relation score
between samples belonging to the same class is high, and the relation score between samples belonging
to different class is low. From the perspective of workflow, the proposed RN-FSC method consists
of three steps. In the first step, we use the designed network model to carry out meta-learning
on the source HSI data set, so that the model can fully learn the transferable feature knowledge
and relation comparison ability, i.e., the ability to learn how to learn. In the second step, the network
model is fine-tuned with only a few labeled samples in the target HSI data set so that the model can
quickly adapt to new classification scenarios. In the third step, the target HSI data sets are used to test
the classification performance of the proposed method. It is important to note that the target HSI data
set for classification and the source HSI data set for meta-learning are completely different.

The main contributions of this paper are as follows:

1. The RN-FSC method is proposed to carry out classification on the new HSI with only a few
labeled samples. The RN-FSC method has the ability to learn how to learn through meta-learning
on the source HSI data set, so it can accurately classify the new HSI;

2. The network model containing the feature learning module and relation learning module
is designed for HSI classification. Specifically, 3D convolution is utilized for feature extraction
to make full use of spatial–spectral information in HSI, and the 2D convolution layer and fully
connected layer are utilized to approximate the relationship between sample features in an abstract
nonlinear approach;

3. Experiments are conducted on three well-known HSI data sets, which demonstrate that the proposed
method can outperform conventional semisupervised methods and the semisupervised deep learning
model with a few labeled samples.

The remainder of this paper is structured as follows. In Section 2, HSI few-shot classification
is introduced. In Section 3, the design relation network model is described in detail. In Section 4,
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experimental results and analysis on three public available HSI data sets are presented.
Finally, conclusions are provided in Section 5.

2. HSI Few-Shot Classification

In this section, we first explain the definition of few-shot classification, then describe the task-based
learning strategy in detail, and finally give the complete process of HSI few-shot classification.

2.1. Definition of Few-Shot Classification

In order to explain the definition of few-shot classification, we must first distinguish several
concepts: source data set, target data set, fine-tuning data set, and testing data set. Both the fine-tuning
data set and the testing data set are subsets of the target data set, sharing the same label space,
while the source data set and the target data set are totally different. With reference to most
of the existing deep learning models, we can only utilize the fine-tuning data set to train a classifier.
However, the classification performance of this classifier is very poor due to the very small fine-tuning data
set. Therefore, we need to use the idea of meta-learning to carry out the classification task (as shown
in Figure 1). The model first performs meta-learning on the source data set to extract the transferable
feature knowledge and cultivate the ability of learning to learn. After meta-learning, the model
can acquire enough generalization knowledge. Then, the model is fine-tuned on the fine-tuning
data set to extract individual knowledge, so as to adapt to the new classification scenario quickly.
The fine-tuning data set is very small compared to the testing data set, so the process of fine-tuning
can be called few-shot learning. If the fine-tuning data set contains C unique classes and each class
includes K labeled samples, the classification problem can be called C-way K-shot. Finally, the model
is utilized to classify the testing data set.

source data set model
meta-learning

target data set

fine-tuning

data set

testing

data set

model
few-shot

model
classify

learning

Figure 1. Definition of few-shot classification.

2.2. Task-Based Learning Strategy

At present, batch-based training strategy is widely used in deep learning models, as shown
in Figure 2a. In the training process, each batch contains a certain amount of samples with specific
labels. The training process of the model is actually based on samples to calculate the loss and update
the network parameters. General transfer learning also uses this strategy for model training.
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batch

support set query set

task

(a) (b) 

Figure 2. Different training and learning strategy where color represents class. (a) Batch-based training
strategy used widely in deep learning. (b) Task-based learning strategy used in meta-learning.

Meta-learning can also be regarded as a learning process of transferring feature knowledge.
The key of meta-learning allowing the model to acquire more outstanding learning ability than general
transfer learning is the task-based learning strategy. In meta-learning, tasks are treated as the basic unit
for training [45,49]. As shown in Figure 2b, a task contains a support set and a query set. The support
set and the query set are sampled randomly from the same data set and share the same label space.
The sample x in the support set are clearly labeled by y, while the labels of samples in the query
set are regarded as unknown. The model predicts the labels of samples in the query set under
the supervision of the support set and calculates the loss by comparing the predictive labels with
the real labels, thus realizing the update of parameters.

The model runs on the basis of the task-based learning strategy, whether in the meta-learning
phase, the few-shot learning phase, or the classification phase. One task is actually a training iteration.
Take meta-learning on a source data set containing Csrc classes as an example. During each iteration,
a task is generated by randomly selecting C classes and K samples per class from the source data set.
Thus, the support set can be denoted as S = {(xi, yi)}C×K

i=1 . Similarly, C× N samples are randomly
sampled from the same C classes to form a query set Q = {(xj, yj)}C×N

j=1 . It is important to note that
there is no intersection between S and Q. In practice, we usually set C < Csrc, which can guarantee
the richness of tasks and thus improve the robustness of the model. In theory, N tends to be much
larger than K, so as to mimic the actual few-shot classification scenario. In summary, through the above
description, a C-way K-shot N-query learning task has been builded on the source data set.

2.3. HSI Few-Shot Classification

In the previous sections, we explained in detail the few-shot classification and its learning
strategy. It is not difficult to apply it to HSI classification. We only need to utilize the collected HSI
as the source data set, e.g., the Botswana and Houston data sets, and utilize other HSI as the target
data set, e.g., the Pavia Center data set. The complete HSI few-shot classification process based on
the task-based learning strategy can be summarized as follows.

(1) In the first phase, learning tasks are built on the source data set, and the model performs
meta-learning;

(2) In the second phase, learning tasks are built on the fine-tuning data set, and the model performs
few-shot learning;

(3) In the third phase, the entire fine-tuning data set is regarded as the support set, and the testing
data set is regarded as the query set, so as to build tasks for HSI classification.

3. The Designed Relation Network Model

This section introduces the designed relation network model for the HSI few-shot classification.
The designed model consists of two core modules, feature learning module and relation learning
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module, which are introduced in detail. In addition, we explain how the model acquires the ability
to learn how to learn from three different perspectives.

3.1. Model Overview

The designed relation network model for HSI few-shot classification consists of three parts:
feature learning, feature concatenation, and relation learning, as illustrated in Figure 3. The model
is an end-to-end framework, with tasks as inputs and predictive labels as outputs.

C 

K 

{ {

support set

C 

N 

{ {

query set

xj
feature learning module

f
xj

f(xj)

concatenation

f(xj)

f(xj)

f(xj)

f(xj)

relation learning module

g

relation 

score
label

Figure 3. Visual representation of the designed relation network model for HSI few-shot classification.

Specifically, we select the data cubes belonging to each pixel in HSI as the samples in the task.
As defined in Section 2.2, the sample in the support set is denoted as xi, and the sample in the query
set is denoted as xj. The feature learning module is equivalent to a nonlinear embedding function f ,
which maps samples xi and xj in the data space to abstract features f (xi) and f (xj) in the feature space.
Then, features f (xi) and f (xj) are concatenated in the depth dimension, which can be denoted
as C( f (xi), f (xj)). Of course, there is more than one way to perform concatenation. It should
be noted, however, that each sample feature in the query set should be concatenated to each feature
generated by the support set. In addition, in order to simplify the following calculation and improve
the robustness of the model, the sample features belonging to the same class in the support set
are averaged. Consequently, the number of features generated from the support set is always equal to C.
This means that, for the support set S = {(xi, yi)}C×K

i=1 and the query setQ = {(xj, yj)}C×N
j=1 , C×C× K

concatenations would be generated. The relation learning module can also be regarded as a nonlinear
function g, which maps each concatenation to a relation score ri,j = g[C( f (xi), f (xj))] representing
the similarity between xi and xj. If samples xi and xj belong to the same class, the relation score will
be close to 1, otherwise the relation score will be close to 0. Finally, the maximum score is obtained
from the relation score setR = {rl,j}(l = 1, . . . , C) of sample xj, so as to decide the predictive label.

The model is trained with mean square error (MSE) as loss function (Equation (1)). MSE is easy
to calculation and sufficient for training. If yi and yj belong to the same class, (yi == yj) is 1,
otherwise 0, which can effectively achieve relation learning.

LMSE =
C×K

∑
i=1

C×N

∑
j=1

(ri,j − 1 · (yi == yj))
2. (1)

3.2. The Feature Learning Module

The goal of the feature learning module is to extract more discriminative features from the input
data cubes. Theoretically, any network structure can be built in this module for feature learning.
A large number of studies have shown that 3D convolution is more suitable for the spatial–spectral
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features extraction because of the close correlation between the spatial domain and spectral domain
in HSI, . Therefore, we take the 3D convolutional layer as the core and construct the feature learning
network as shown in Figure 4.

3×3×3/8 3×3×3/16 3×3×3/32

3D convolution
batch normalization

Relu
max pooling(2×2×4)

concatenate

32

Figure 4. Visual representation of the feature learning module.

The feature learning module consists of a 3D convolutional layer, batch normalization layer,
Relu activation function, maximum pooling layer, and concatenation operation. 3D convolution can
process the input data cubes directly without any preprocessing. Compared with the general 2D
convolution, 3D convolution can extract more discriminative spatial–spectral features by cascading
spectral information of adjacent bands. Specifically, the 3D convolution kernel is set as 3× 3× 3,
and the number of convolution kernel increases from 8 to 32 by multiples, which is consistent with
the experience in the field of computer vision. Batch normalization layers are added after each 3D
convolutional layer, which can effectively alleviate the problem of vanishing gradient and enhance
the generalization ability of the model. Relu activation function, one of the most widely used activation
functions in deep learning, can increase the nonlinearity of the model and speed up the convergence.
The 3D convolutional layer, batch normalization layer, and Relu layer can be considered as a basic
unit. Each unit is connected via maximum pooling layer. Considering the characteristics of HSI,
the maximum pooling layer is set to 2× 2× 4 to deal with spectral redundancy.

After three convolution operations, the input samples become data cubes with 32 channels.
To facilitate the subsequent operation in the feature concatenation phase, we first concatenate
the 32 data cubes in the channel dimension. Given that the dimension of the data cubes is (32, H, W, D),
it becomes (H, W, D× 32) after channel concatenation.

3.3. The Relation Learning Module

Under the combined action of the first two phases, the data cubes are transformed into
different concatenations which are the input of the relation learning module (Figure 5). The purpose
of the relation learning module is to map each concatenation to a relation score measuring the similarity
between the two samples, i.e., the relationship.

In order to speed up computation, 2D convolution is regarded as the core to build the relation
learning module. Therefore, the dimension of the concatenations can be regarded as (H, W, C),
where C stands for the channel dimension. Considering that the channel dimension is much larger
than the spatial dimension, the 1× 1 2D convolution [50] is first adopted, which can extract the cascaded
features across the channel while reducing the dimension effectively. After 1 × 1 convolution,
128 convolution kernels of 3× 3 are utilized to ensure the diversity of features. In order to fully train
the network, the batch normalization layer and Relu activation function are also applied after each
convolution. Finally, two fully connected layers of 128 and 1 are added, so as to transform the feature
maps into relation scores. Dropout is introduced between the fully connected layer to further enhance
the generalization capability. In addition, sigmoid activation function is used to limit the output
to the interval [0, 1].
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Relation score is not only the final result of relation learning, but also a kind of similarity
measure. If the two samples belong to the same class, the relation score is close to 1, otherwise 0.
Therefore, the classes of samples in the query set will be determined according to the relation score.

1×1/64 3×3/128 128 1

2D convolution
batch normalization

Relu

max pooling(2×2)
fully connected layer

sigmoid

relation

score

Figure 5. Visual representation of the relation learning module.

3.4. The Ability of Learning to Learn

Our proposed method, RN-FSC, is essentially a meta-learning-based method for HSI few-
shot classification. The core idea of meta-learning is to cultivate the ability of learning to learn.
In this section, we expound this ability of RN-FSC from the following three aspects:

(1) Learning process
General deep learning models are trained based on the unique correspondence between data
and labels and can only be trained in one specific task space at a time. However, the proposed
method is task-based learning at any phase. The model focuses not on the specific classification
task but on the learning ability with many different tasks;

(2) Scalability
The proposed method performs meta-learning on the source data set to extract the transferable
feature knowledge and cultivate the ablitity of learning to learn. From the perspective
of knowledge transfer, the richer the categories in the source data set, the stronger the acquired
learning ability, which is consistent with the human learning experience. Therefore, we can
appropriately extend the source data set to enhance the generalization ability of the model;

(3) Core mechanism
The proposed method is not to learn how to classify a specific data set, but to learn a deep
metric space with the help of many tasks from different data sets, in which relation learning
is performed by comparison. In a data-driven way, this metric space is nonlinear and transferrable.
By comparing the similarity between the support samples and the query samples in the deep
metric space, the classification is realized indirectly.

4. Experiments and Discussion

All experiments were carried out on a laptop with an Intel Core i7-9750H, 2.60 GHz and an Nvidia
GeForce RTX 2070. The laptop’s memory is 16 GB. All programs are developed and implemented
based on Pytorch library.

4.1. Experimental Data Sets

4.1.1. Source Data Sets

Four publicly available HSI data sets were collected to build the source data sets, which are Houston,
Botswana, Kennedy Space Center (KSC), and Chikusei. The four data sets were photographed by different
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imaging spectrometers on different regions, with different ground sample distance and spectral range
(as shown in Table 1). This can ensure the diversity and richness of samples, which is conducive
to meta-learning. There are 76 different ground objects contained in the four data sets, and the distribution
of their respective labeled samples can be seen in Figures 6–9. We exclude the classes with less samples
and only select the 54 classes with more than 200 samples to build the source data set. In addition,
100 bands are selected on each data set via the graph-representation-based band selection (GRBS) [51]
instead of all bands, so as to reduce spectral redundancy and guarantee the uniformity of the number
of bands (Table 2). GRBS, an unsupervised band selection method based on graph representation,
can perform better in both accuracy and efficiency. The spatial neighborhood of each pixel is set
to 9 × 9 with reference to [25,39,48]. After the above processing, each HSI is transformed into a number
of 9 × 9 × 100 data cubes, so as to standardize the data dimensions and optimize the learning process.

Table 1. Detailsof the source data sets. Kennedy Space Center (KSC), ground sample distance (GSD)(m),
spatial size (pixel), spectral range (nm), airborne visible infrared imaging spectrometer (AVIRIS).

Houston Botswana KSC Chikusei

Spatial size 349× 1905 1476× 256 512× 614 2517× 2335
Spectral range 380–1050 400–2500 400–2500 363–1018
No. of bands 144 145 176 128

GSD 2.5 30 18 2.5
Sensor type ITRES-CASI 1500 EO-1 AVIRIS Hyperspec-VNIR-C

Areas Houston Botswana Florida Chikusei
No. of classes 30 14 13 19

Labeled samples 15029 3248 5211 77592

(a)

(b)

Figure 6. Houston data set. (a) Pseudocolor image. (b) Ground-truth map.

(a)

(b)

Figure 7. Botswana data set. (a) Pseudocolor image. (b) Ground-truth map.
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(a) (b)

Figure 8. Kennedy Space Center (KSC) data set. (a) Pseudocolor image. (b) Ground-truth map.

(a) (b)

Figure 9. Chikusei data set. (a) Pseudocolor image. (b) Ground-truth map.

Table 2. The selected bands on the source data sets via graph-representation-based band selection
(GRBS). Kennedy Space Center (KSC).

The Selected Bands

Houston

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35
36 37 38 39 40 41 42 43 44 45 46 47 48 49 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67
68 69 70 71 72 77 107 109 110 111 112 113 114 115 116 117 118 119 120 121 122 123 124 125
126 127 128 129 130 132 133 134 135 143 144

Botswana

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35
36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 55 56 57 58 59 60 61 62 63 64 65 66 67
68 69 70 71 72 73 88 110 111 112 113 114 115 116 117 118 119 120 121 122 123 124 125 126
127 128 137 138 139 140 141 142 143 144 145

KSC

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 28 29 31 32 33 35 36 37 39
40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 68 71 72
73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90 95 101 120 132 143 144 145 146 147
148 149 150 151 155 167 175 176

Chikusei

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34
35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 65 66
67 94 95 96 97 98 99 100 101 102 103 104 105 106 107 108 109 110 111 112 113 114 116 117
118 119 120 121 122 123 124 125 126 127 128
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4.1.2. Target Data Sets

Three well-known HSI data sets, i.e., the University of Pavia (UP), the Pavia Center (PC),
and Salinas, were selected to build the target data sets. Table 3 shows the detailed information.
In order to standardize data dimensions, we still used the GRBS method to select 100 bands for each
HSI (Table 4) and set the spatial neighborhood as 9× 9. Furthermore, five labeled samples per class were
selected to build the fine-tuning data set, and the remaining samples were used as the testing data set.
Consequently, we used three different HSI to build three different target data sets. The proposed
method performs few-shot classification on the three target data sets respectively, so as to verify
its effectiveness.

In summary, Houston, Botswana, KSC, and Chikusei were used to build the source data sets,
and UP, PC, and Salinas were used to build the target data sets. Therefore, the source data set
and the target data set are completely different. In the target data sets, only a few labeled samples
(five samples per class) were used to build the fine-tuning data sets to fine-tune the designed model.
In order to make a fair comparison with other classification methods, fine-tuning data sets were also
used for supervised training in comparison experiments (Section 4.3).

Table 3. Details of three target data sets. University of Pavia (UP), Pavia Center (PC), ground sample
distance (GSD) (m), spatial size (pixel), spectral range (nm), reflective optics system imaging
spectrometer (ROSIS), airborne visible infrared imaging spectrometer (AVIRIS).

UP PC Salinas

Spatial size 610× 340 1096× 715 512× 217
Spectral range 430–860 430–860 400–2500
No. of bands 103 102 204

GSD 1.3 1.3 3.7
Sensor type ROSIS ROSIS AVIRIS

Areas Pavia Pavia California
No. of classes 9 9 16

Labeled samples 42776 148152 54129

Table 4. The selected bands on the target data sets via GRBS. University of Pavia (UP),
Pavia Center (PC).

The Selected Bands

UP

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 23 24 25 26 27 28 29 30 31 32 33 34 35 36
37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 68
69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90 91 92 93 94 95 96 97 98 99
100 101 102 103

PC

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35
36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 60 61 62 63 64 65 66 67
68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90 91 92 93 94 95 96 97 98
99 100 101 102

Salinas

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 31 33 34 35 36 37
38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 68
69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90 91 92 93 94 95 96 97 98 99
100 126 139 204

4.2. Experimental Setup

Meta-learning is a very important phase for the proposed method. The main hyperparameters
in meta-learning include the number of class in each task C, the number of support samples per class K,
and the number of query samples per class N, which are directly related to building the learning task.
Therefore, we first carried out experiments to explore the influence of C, K, N on classification results.
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The hyperparameters C determine the number of classes in each learning task, i.e., the complexity
of the task. As described in Section 4.1, the source data set consists of 54 classes, so we explored
the influence of C at 10, 20, 30, and 40. Figure 10 shows the experimental results. It can be seen that on
three different target data sets, the model can always obtain the highest classification accuracy when
C is 20. This indicates that when the number of classes in task is too small, the model cannot carry
on sufficient learning. Given a class contained in the source data sets, if C is too small, this class will
appear less often in the task, which reduces the chances of model learning from this class. Otherwise,
when C is equal to 30 or 40, the complexity of the task exceeds the representation ability of the model,
resulting in a significant decrease in classification accuracy.
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Figure 10. Overall accuracy under different C.

K and N together determine the diversity and richness of samples in the task and directly affect
the size of the task. With reference to [49], we fixed the size of task as 20 samples per class and explored
the influence of K and N on the classification results by trying different combinations. Table 5 shows
the experimental results. It can be found that with the increase of K, the classification accuracy
decreases gradually. When K is 1, the highest classification accuracy is obtained for all three different
data sets. This experimental result verifies the theory described in Section 2.2, i.e., setting K < N
in the meta-learning phase can imitate the subsequent few-shot classification process, so as to obtain
better classification results.

Table 5. Overall accuracy (%) with different combinations of K and N.

K = 1, N = 19 K = 5, N = 15 K = 10, N = 10 K = 15, N = 5

UP 81.94 78.84 76.26 74.55

PC 96.36 96.03 95.53 94.89

Salinas 86.99 85.97 84.61 82.95

Through the above experimental exploration, the optimal task setting in the meta-learning
phase has been found, i.e, the 20-way 1-shot 19-query learning task. In order to further optimize
the meta-learning process, the appropriate value of learning rate is analyzed. With reference to relevant
experience, we analyzed the influence of learning rate at 0.01 and 0.001 on the loss function value,
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as shown in Figure 11. It can be seen that the loss value obviously fluctuates, due to the diversity
of source data set and the randomness of task. Nevertheless, after approximately 2000 episodes,
the 0.001 learning rate is able to acquire a lower loss value, indicating that the 0.001 learning rate can
enable the model to learn fully.
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Figure 11. Loss value under different learning rates.

In addition, we utilized UP as the target data set to explore the influence of different network
structure settings on classification results. Table 6 lists the specific structures of the feature learning
module and the relation learning module and their corresponding classification accuracy. It should
be noted that only the changed structure settings are listed in Table 6, while other basic settings,
such as the batch normalization layer and Relu activation function, are set in accordance with Section 3.
The exploration for network settings can be divided into two parts: NO.1 to NO.4 settings change
the feature learning module, and NO.5 to NO.7 settings change the relation learning module. It can
be found that NO.2 network settings can achieve the best classification effect, the specific structure
of which is consistent with the description in Sections 3.2 and 3.3. According to the experimental
results in the table, it is not difficult to obtain the following three observations:

(1) The number of convolutional layers has an important influence on the classification results.
From NO.4 to NO.1, the number of convolutional layers in the feature learning module increases
gradually, and the corresponding classification accuracy increases first and then decreases
gradually. This indicates that the appropriate number of convolutional layers can obtain the best
classification results, while too much or too little will reduce the effect of feature learning.
In addition, a comparison between NO.2 and NO.5 can also verify a similar conclusion;

(2) By comparing NO.2 and NO.6 network settings, it can be found that the 1 × 1 convolution
in the relation learning module can effectively improve the classification accuracy by 3.57%.
The 1 × 1 convolution is mainly used to extract cross-channel cascaded features and reduce
the dimension of concatenations, which is conducive to relation learning;

(3) The experimental results of NO.7 setting show that the classification effect of only applying
the fully connected layer in the relational learning module is very poor, which directly proves
the importance of the convolutional layer in relation learning.

In addition to the hyperparameters explored above, other basic experimental settings are given
directly by referring to the existing deep learning model. We used Adam as the optimization algorithm
and set the number of episodes in the meta-learning phase to 10,000, and the number of episodes
in the few-shot learning phase to 1000. In the Dropout layer, the probability of random discard is 50%.
All convolution kernels are initialized by Xavier [52].
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Table 6. Overall classification accuracy (OA, %) on the UP data set under different network structure
settings. The feature learning module (FLM), the relation learning module (RLM), max pooling (MP),
fully connected layer (FC).

No. 1 2 3 4 5 6 7

FLM

3× 3× 3 (8)
3× 3× 3 (16)
2× 2× 4 MP
3× 3× 3 (32)
3× 3× 3 (64)
2× 2× 4 MP

3× 3× 3 (8)
2× 2× 4 MP
3× 3× 3 (16)
2× 2× 4 MP
3× 3× 3 (32)

3× 3× 3 (8)
2× 2× 4 MP
3× 3× 3 (16)
2× 2× 4 MP

3× 3× 3 (8)
4× 4× 8 MP

3× 3× 3 (8)
2× 2× 4 MP
3× 3× 3 (16)
2× 2× 4 MP
3× 3× 3 (32)

3× 3× 3 (8)
2× 2× 4 MP
3× 3× 3 (16)
2× 2× 4 MP
3× 3× 3 (32)

3× 3× 3 (8)
2× 2× 4 MP
3× 3× 3 (16)
2× 2× 4 MP
3× 3× 3 (32)

RLM

1× 1 (64)
3× 3 (128)
2× 2 MP

128 FC
1 FC

1× 1 (64)
3× 3 (128)
2× 2 MP

128 FC
1 FC

1× 1 (64)
3× 3 (128)
2× 2 MP

128 FC
1 FC

1× 1 (64)
3× 3 (128)
2× 2 MP

128 FC
1 FC

1× 1 (64)
3× 3 (128)
3× 3 (256)
2× 2 MP

128 FC
1 FC

3× 3 (128)
2× 2 MP
128 FC

1 FC

1024 FC
512 FC
1 FC

OA 80.37 81.94 79.50 75.43 77.83 78.37 26.55

4.3. Comparison and Analysis

In order to verify the effectiveness of the proposed method in HSI few-shot classification,
we compared the experimental results of RN-FSC with the widely used SVM, two classical
semisupervised methods LapSVM and TSVM provided in [53], the deep learning model Res-3D-
CNN [54], two semisupervised deep models SS-CNN [35] and DCGAN+SEMI [55], and the graph
convolutional network (GCN) [56] model. SVM can map nonlinear data to linearly separable
high-dimensional feature spaces utilizing the kernel method, so it can obtain a better classification effect
than other traditional classifiers when processing high-dimensional HSI. LapSVM and TSVM are both
classical semisupervised support vector machines. Res-3D-CNN constructs a deep classification model
with the 3D convolutional layer and residual structure, which can make full use of the spatial–spectral
information in HSI. By combining CNN and DCGAN with semisupervised learning, respectively,
SS-CNN and DCGAN+SEMI can use the information of unlabeled samples for classification. GCN is also
an advanced semisupervised classification model.

In order to quantitatively compare the classification performance of the above different methods,
the overall accuracy (OA), classification accuracy per class, average accuracy (AA), and Kappa
coefficient are used as evaluation indicators. The overall accuracy is the percentage of samples
classified correctly in all samples, and the average accuracy is the average of classification accuracy per
class. It should be noted that for RN-FSC, five labeled samples per class in the target data set were used
for fine-tuning, and for other methods, five labeled samples per class were used for training. Tables 7–9
summarize the experimental results on the three different target data sets, from which the following
five observations can be obtained:

(1) In general, the performance of the traditional SVM classifier is better than that of the supervised
deep learning model. Deep learning models need sufficient training samples for parameter
optimization. However, in the HSI few-shot classification problem, limited labeled samples
cannot provide guarantee for enough training, so the performance of supervised deep learning
models is worse than that of SVM. For example, the OA of SVM is 6.04% higher than that
of Res-3D-CNN on the Salinas data set;

(2) By comparing SVM and semisupervised SVM, Res-3D-CNN, and other semisupervised deep
models, it can be found that the classification performance of the methods trained with only
the labeled samples is poor. In this case, the semisupervised method can further improve
the classification accuracy by utilizing the information of unlabeled samples;

(3) The classification performance of the semisupervised deep model is always better than that
of the traditional semisupervised SVM. Deep learning models can extract more discriminative
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features from labeled and unlabeled samples by building an end-to-end hierarchical framework,
so they can obtain better classification results;

(4) Compared with other methods, RN-FSC has the best classification performance, with the highest
OA, AA, and Kappa in all target data sets. The OA of RN-FSC is about 8.5%, 5%, and 6%
higher than DCGAN+SEMI and GCN, which have similar performances on the three data
sets. The most significant difference between RN-FSC and other methods is that other methods
only perform training and classification on specific target data sets, while RN-FSC performs
meta-learning on the collected source data sets through a large number of different tasks.
Therefore, when processing new target data sets, RN-FSC has stronger generalization ability
and can obtain better classification results with only a few labeled samples;

(5) For the classes that other methods do not recognize accurately, RN-FSC can obtain better results,
such as Bricks, Bare Soil and Gravel in UP, and Corn_senesced_green_weeds, Fallow in Salinas.
Benefitting from meta-learning and network design, RN-FSC can acquire the ability to learn how
to learn in the form of comparison. By comparing similarities between samples in the deep metric
space, RN-FSC can take advantage of more abstract features. Therefore, RN-FSC can accurately
recognize the uneasily distinguished classes.

Table 7. Classification results of the different methods on the UP data set (5 samples per class
in the fine-tuning data set for RN-FSC; 5 samples per class are used for training for other methods;
bold values represent the best results among these methods).

Class SVM LapSVM TSVM Res-3D-CNN SS-CNN DCGAN+SEMI GCN RN-FSC

Asphalt 94.08 98.12 96.55 71.67 89.89 92.18 96.00 87.28
Meadows 79.03 81.57 80.47 88.96 84.40 90.32 93.39 84.33

Gravel 27.67 30.97 11.11 23.30 59.94 41.80 50.71 90.42
Trees 57.71 62.47 48.71 88.86 57.94 86.39 95.85 78.09

Metal Sheets 91.67 91.39 94.92 89.39 97.11 83.30 99.19 99.56
Bare Soil 21.10 37.78 37.91 37.88 53.01 43.63 37.54 63.25
Bitumen 35.33 37.67 20.50 38.62 36.15 44.54 57.26 52.09

Bricks 57.31 60.47 55.36 42.59 72.70 62.11 73.31 84.81
Shadow 99.79 99.89 99.89 63.13 48.65 66.33 98.13 95.94

OA 55.79 67.06 61.92 65.44 71.73 73.52 73.40 81.94
AA 62.63 66.70 60.60 60.49 66.64 67.84 77.93 81.75

Kappa 46.60 57.90 51.44 55.63 63.37 66.07 66.96 75.84

Table 8. Classification results of the different methods on the PC data set (5 samples per class
in the fine-tuning data set for RN-FSC; 5 samples per class are used for training for other methods;
bold values represent the best results among these methods).

Class SVM LapSVM TSVM Res-3D-CNN SS-CNN DCGAN+SEMI GCN RN-FSC

Water 99.95 99.99 95.12 99.99 99.17 98.13 99.74 100.00
Trees 94.68 94.75 92.22 74.17 93.34 98.15 99.36 99.53

Meadows 40.86 60.84 40.12 80.24 75.17 65.81 61.53 67.60
Bricks 56.47 14.57 8.12 27.11 68.85 55.64 68.22 72.43

Bare Soil 19.51 65.47 27.15 23.08 38.25 53.42 42.77 96.91
Asphalt 63.66 61.85 46.87 67.69 81.42 84.21 81.62 85.86
Bitumen 78.21 92.83 1.38 77.38 75.82 99.37 91.61 85.55

Tile 88.66 94.55 97.14 98.88 99.57 99.02 99.06 99.94
Shadow 99.76 99.86 93.17 87.61 95.60 77.46 98.00 91.87

OA 83.11 86.43 67.60 80.03 89.27 91.85 90.65 96.36
AA 71.31 76.08 55.70 70.69 80.80 81.24 82.43 88.86

Kappa 76.62 81.22 56.60 73.16 88.30 91.02 89.79 95.98
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Table 9. Classification results of the different methods on the Salinas data set (5 samples per class
in the fine-tuning data set for RN-FSC; 5 samples per class are used for training for other methods;
bold values represent the best results among these methods).

Class SVM LapSVM TSVM Res-3D-CNN SS-CNN DCGAN+SEMI GCN RN-FSC

Brocoli_green_weeds_1 85.60 78.59 80.50 39.47 93.02 56.94 100.00 99.26
Brocoli_green_weeds_2 98.54 98.99 98.08 74.02 92.51 71.53 81.95 100.00

Fallow 65.38 82.96 65.19 49.33 84.31 87.44 83.50 97.87
Fallow_rough_plow 95.82 96.64 95.46 88.71 86.43 76.45 96.99 99.50

Fallow_smooth 95.83 88.09 64.25 77.50 90.91 94.95 96.96 97.81
Stubble 99.92 100.00 99.95 97.52 99.55 99.47 99.82 99.35
Celery 95.29 89.61 85.10 61.53 97.54 89.63 94.66 100.00

Grapes_untrained 57.00 63.87 44.29 68.93 73.52 70.93 86.00 66.24
Soil_vinyard_develop 90.64 79.49 74.06 92.83 93.81 92.89 95.65 97.34

Corn_senesced_green_weeds 85.87 56.55 64.71 69.33 77.21 63.58 81.31 93.66
Lettuce_romaine_4wk 38.32 38.02 47.56 59.07 42.37 83.81 60.05 73.96
Lettuce_romaine_5wk 87.56 92.71 92.56 70.59 95.85 97.33 95.65 99.84
Lettuce_romaine_6wk 88.66 46.88 47.87 75.38 99.23 97.53 89.39 100.00
Lettuce_romaine_7wk 87.87 93.26 86.81 89.12 92.98 87.09 86.41 96.39

Vinyard_untrained 33.18 49.84 32.31 47.62 50.37 74.78 51.00 68.85
Vinyard_vertical_trellis 81.64 91.00 54.24 88.90 80.54 77.17 95.07 99.89

OA 73.64 74.99 64.63 67.60 79.23 80.11 80.90 86.99
AA 80.45 77.91 70.81 71.87 84.38 82.60 97.15 93.12

Kappa 70.70 72.05 60.95 64.28 77.04 77.86 78.95 85.44

In order to better compare and analyze the classification results of the above methods,
Figures 12–14 respectively show their classification maps on the three target data sets. With the
continuous improvement of the classification accuracy, the noise and misclassification phenomena
gradually decrease, and the classification map gradually approaches the ground-truth map. In fact,
the results of Figures 12–14 and Tables 7–9 are the same, both of which can prove the effectiveness
of the proposed method.
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Figure 12. Classification maps resulting from different methods on the UP data set.
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(b)  SVM (c) LapSVM (d) TSVM(a) Ground-truth map (e) Res-3D-CNN

(g)  DCGAN+SEMI (h) GCN (i) RN-FSC(f) SS-CNN

Figure 13. Classification maps resulting from different methods on the PC data set.
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Figure 14. Classification maps resulting from different methods on the SA data set.

In order to further verify that the observed increase in classification accuracy is statistically
significant, we repeated the experiment 20 times for different methods and carried out the paired t-test
on OA. The paired t-test is a widely used statistical method to verify whether there is a significant
difference between the two groups of related samples [17,39]. In our test, if the result t is greater
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than 3.57, it indicates that there is a significant difference between the two groups of samples at
the 99.9% confidence level. As seen from Table 10, all the results are greater than 3.57, indicating that
the increase in classification accuracy is statistically significant.

Table 10. Results of the paired t-test on three target data sets.

University of Pavia Pavia Center Salinas

t/significant? t/significant? t/significant?

RN-FSC vs. SVM

75.53/yes 26.34/yes 34.40/yes

RN-FSC vs. LapSVM

24.36/yes 34.79/yes 33.75/yes

RN-FSC vs. TSVM

47.44/yes 71.68/yes 37.29/yes

RN-FSC vs. Res-3D-CNN

35.62/yes 30.08/yes 29.19/yes

RN-FSC vs. SS-CNN

27.17/yes 22.60/yes 19.33/yes

RN-FSC vs. DCGAN+SEMI

23.56/yes 19.88/yes 16.86/yes

RN-FSC vs. GCN

21.05/yes 20.05/yes 15.98/yes

4.4. Influence of the Number of Labeled Samples

The objective of the experiments is to verify the classification effect of the proposed method
on new HSI with only a few labeled samples. Therefore, it is necessary to explore the classification
effect of the proposed method under different numbers of labeled samples. To this end, we randomly
selected 5, 10, 15, 20, and 25 labeled samples per class to build the fine-tuning data set. Accordingly,
we explored the classification results of other methods with 5, 10, 15, 20, and 25 labeled samples per
class for training. Figure 15 shows the experimental results. It can be seen that the OA of all methods
presents an increasing trend with the increase in the number of labeled samples. RN-FSC always
has the highest classification accuracy, which indicates that it has the best adaptability to the number
of labeled samples.

Experimental results from Tables 7–9 and Figure 15 have shown that the proposed method
can achieve better classification results when classifying new HSI with only a few labeled samples.
In order to further explore the influence of the number of labeled samples on the classification effect
of RN-FSC, we conducted comparative experiments on Salinas and Indian Pines data sets with reference
to [57–59]. The Indian Pines data set, containing 16 classes of the Indian Pine test site in Northwestern
Indiana, was collected by AVIRIS. Salinas and Indian Pines both contain 16 classes, and Indian Pines
contains 4 small classes with less than 100 labeled samples, which can further verify the effectiveness
of the classification method. In the experiments, 10% and 2% labeled samples were randomly selected
to build the fine-tuning data set (1083 labeled samples for Salinas and 1025 labeled samples for Indian
Pines), which is far more than that of the previous experiments. It should be noted that the selection
of labeled samples per class is exactly the same as in [57–59]. EPF-B-g, EPF-B-c, EPF-G-g, EPF-G-c,
and IEPF-G-g provided in [57–59] were selected to make a comparison with the proposed method.
Table 11 shows the experimental results. In the Salinas data set, the OA and AA of RN-FSC are higher
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than those of other methods. In the Indian Pines data set, the classification results of IEPF-G-g
are the best, followed by those of RN-FSC. Overall, when the labeled samples are further increased
(approximately 1000–1100 labeled samples for each data set), the proposed method can still obtain
satisfactory results.

(c) Salinas

(a) UP (b) PC

Figure 15. Classification accuracy under different number of labeled samples on three target data sets.

Table 11. Classification results of the different methods on Salinas and Indian Pines.

The Target Data Set EPF-B-g EPF-B-c EPF-G-g EPF-G-c IEPF-G-g RN-FSC

Salinas OA
AA

96.46
98.17

96.23
98.08

96.61
98.24

97.11
98.56

98.36
99.19

98.86
99.26

Indian Pines OA
AA

94.82
95.96

95.30
95.44

93.94
96.64

94.87
96.52

98.19
98.67

97.46
96.68

4.5. Exploration on the Effectiveness of Meta-Learning

The learning process of the proposed method, RN-FSC, can be divided into two phases:
meta-learning on the source data set and few-shot learning on the fine-tuning data set. As mentioned
in the previous sections, the reason RN-FSC has a better classification effect in the HSI few-shot
classification is that it has acquired a large amount of feature knowledge and mastered the ability
to learn how to learn through meta-learning. To verify this point, we carried out experiments
to explore the influence of the meta-learning phase on the final classification results. Table 12 lists
the overall accuracy with and without meta-learning with a different number of labeled samples.
The model without meta-learning can only perform supervised training with a few labeled samples
in the fine-tuning data set, so its classification results are poor. On the UP, PC, and Salinas data
sets, the meta-learning phase can increase the classification accuracy by 20.20%, 10.73%, and 15.91%,
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respectively, when L = 5, which fully proves the effectiveness of meta-learning in HSI few-shot
classification. In addition, it can be found that with the increase in the number of labeled samples,
the difference between the results with and without meta-learning shows a decreasing trend.
For example, on the UP data set, the difference is 20.20% when L = 5, and 10.83% when L = 25.

Table 12. Influence of the meta-learning phase on classification accuracy (OA, %). L is the number
of labeled samples per class.

Target
Data Set Meta-Learning L = 5 L = 10 L = 15 L = 20 L = 25

UP
yes 81.94 82.71 85.70 89.20 91.05

not 61.74 69.56 74.12 78.93 80.22

PC
yes 96.36 97.21 97.70 98.03 98.72

not 85.63 86.46 87.41 90.53 92.10

Salinas
yes 86.99 87.79 88.68 90.49 92.15

not 71.08 74.08 75.96 77.34 80.45

4.6. Execution Time Analysis

The execution time of general deep learning models usually consists of training time
and testing time. As described in Section 2.3, the proposed method consists of three phases:
meta-learning, few-shot learning, and classification. The biggest difference between RN-FSC and other
general deep models for HSI classification is that it first performs meta-learning on the previously
collected source data sets and then classifies the new HSI data sets, which are absolutely different from
the source data sets. In other words, only performing meta-learning in advance one time, RN-FSC
can quickly classify all other new data sets, which is of great significance in practical applications.
In our experiment, it takes approximately 12.83 h for the model to perform meta-learning. In practice,
the model used to perform the classification task should have completed meta-learning. Therefore,
the model needs only to perform few-shot learning and classification when processing the target HSI.
Table 13 lists the execution times of DCGAN+SEMI, GCN, and RN-FSC on three different target data
sets, because they present better classification results than other methods. DCGAN+SEMI and GCN
include training and testing time, while RN-FSC includes few-shot learning time and classification
time. DCGAN+SEMI needs to train the generator and the discriminator, respectively, while GCN
utilizes all the labeled samples for graph construction, so their training time is longer. RN-FSC only
utilizes a few labeled samples for fine-tuning, so the few-shot learning time is shorter. However, since
RN-FSC needs to calculate the relation score through comparison, its classification time is longer.
Generally speaking, the execution time of RN-FSC is shorter than that of DCGAN+SEMI and GCN,
which indicates RN-FSC has better work efficiency.

Table 13. Execution times on three target data sets (5 samples per class are used as labeled samples).

Target
Data Set DCGAN+SEMI GCN RN-FSC

UP 1355.86(s)+ 2.57(s) 1915.29(s)+ 0.98(s) 217.27(s)+ 72.57(s)
PC 1401.31(s)+ 8.13(s) 3042.18(s)+ 1.44(s) 214.98(s)+ 198.09(s)

Salinas 2386.74(s)+ 3.03(s) 1224.03(s)+ 1.10(s) 632.98(s)+ 81.23(s)

4.7. Discussion

It is difficult for deep learning models to be fully trained and achieve promising classification
results with a few labeled samples. At the same time, for complex and diverse HSI, the working
mode that general deep learning models need to be trained from scratch every time is very inefficient
and not desirable in practice. However, our method can obtain better classification results with
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only a few labeled samples (five samples per class) when processing new HSI. The root cause
is the implementation of meta-learning, the core of which is the ability to learn how to learn. In our
method, this ability is demonstrated in the form of comparison. Firstly, the model maps the data space
to a deep metric space, where it performs relation learning by comparing the similarity of sample
features, i.e., the similarity between samples belonging to the same class is high and the relation score
is high, whereas the similarity between samples belonging to the different class is low and the relation
score is low. In fact, the form of the ability to learn how to learn is not unique in the field
of meta-learning, which largely depends on the specific network structure and loss function.

The task-based learning strategy is key to performing meta-learning. Lots of randomly generated
tasks from different HSI can effectively enhance the generalization ability of the model, because the
model learns how to compare with different tasks instead of how to classify a specific data set.
To acquire the best learning effect, we explored the optimal task setting, including the number of classes,
the number of support samples, and the number of query samples in the task. Experiments showed that
the support samples should be much fewer than the query samples, so as to fully simulate the situation
of HSI few-shot classification. In addition, experiments were conducted to explore the influence
of learning rate to further optimize the meta-learning process. At the same time, the network structure
can directly affect the classification results. A new deep model based on relation network was
designed for HSI few-shot classification. In the feature learning module, the 3D convolutional layer
can effectively utilize the spatial–spectral information to extract the highly discriminant features.
In addition, we found that the convolutional layer is necessary in the relation learning module,
which can guarantee the comparison ability of the model to some extent.

Through detailed comparison and analysis, it can be demonstrated that the proposed method
outperforms SVM, semisupervised SVM, and several supervised and semisupervised deep learning
models with a few labeled samples. Moreover, the proposed method has better adaptability
to the number of samples. The paired t-test shows that the increase in classification accuracy
is statistically significant and not accidental. In addition, by comparing the results of the model
with and without meta-learning, the importance of the meta-learning phase is directly proved again.
Finally, the efficiency of different methods was compared, indicating the potential value of the proposed
method in practical application.

5. Conclusions

Although the deep learning model has achieved great success in HSI classification, it still faces
great difficulties in classifying new HSI with a few labeled samples. To this end, this paper proposes
a new classification method based on a relation network for HSI few-shot classification. Meta-learning
is the core of this method, and the network settings realize the ability to learn how to learn
in the form of comparison in deep metric space, that is, the relation score between samples belonging
to the same class is high, while the relation score between samples belonging to different classes
is low. Benefitting from a large number of tasks generated from different data sets, the generalization
ability of the model is constantly enhanced. Experiments on three different target data sets show that
the proposed method outperforms traditional semisupervised SVM and semisupervised deep learning
methods when only a few labeled samples are available.
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