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Data Augmentation for Hyperspectral Image
Classification With Deep CNN

Wei Li , Chen Chen, Mengmeng Zhang , Hengchao Li , and Qian Du

Abstract— Convolutional neural network (CNN) has been
widely used in hyperspectral imagery (HSI) classification. Data
augmentation is proven to be quite effective when training
data size is relatively small. In this letter, extensive comparison
experiments are conducted with common data augmentation
methods, which draw an observation that common methods can
produce a limited and up-bounded performance. To address this
problem, a new data augmentation method, named as pixel-block
pair (PBP), is proposed to greatly increase the number of training
samples. The proposed method takes advantage of deep CNN to
extract PBP features, and decision fusion is utilized for final label
assignment. Experimental results demonstrate that the proposed
method can outperform the existing ones.

Index Terms— Convolutional neural network (CNN), data aug-
mentation, hyperspectral imagery (HSI), pattern classification.

I. INTRODUCTION

HYPERSPECTRAL images with hundreds of spectral
bands contain rich spectral information, which provide

an advantage over traditional multispectral images in terms
of classification. Especially in the field of environmental
pollution control, land management, and mineral exploration,
hyperspectral imagery (HSI) classification plays a crucial role
in [1]. In early stages of HSI classification, a large number
of machine learning algorithms were emerged and developed.
Among these methods, k-nearest neighbor was one of the
simplest classifiers, which was based on the Euclidean distance
to evaluate the similarity between the testing and training
samples [2]. Principal component analysis [3], independent
component analysis [4], and linear discriminant analysis [5]
overcome the difficulty of the dimension to extract spectral
features. Sparse representation-based classification [6], [7],
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relevance vector machine [8], and extreme learning
machine [9] achieved satisfactory performance.

Recently, deep-learning-based methods have drawn increas-
ing attention. For example, Chen et al. [10] proposed the
stacked autoencoder and deep-belief network-based spectral–
spatial features extraction, and Zhang et al. [11] systemati-
cally investigated the general methods of constructing deep
networks for remote sensing images. Hu et al. [12] attempted
to extract the deep spectral features using the convolutional
neural network (CNN), and the results were obviously supe-
rior to that of support vector machine (SVM) [13]. Subse-
quently, more improvements followed. Diverse region-based
CNN encoded semantic context-aware representation to obtain
promising features [14]. Extinction profiles (EPs)-fusion
utilized EPs in a fusion framework rather than in a stacking
way [15]. Covariance maps were used skillfully to solve
the potential overfitting problem in multiscale covariance
maps [16]. Deformable HSI classification networks broke
through the limitation of fixed sampling location in the tra-
ditional convolutional kernels [17].

Labeled hyperspectral remote sensing data are always lim-
ited, which restrict the development of deep CNN in clas-
sification tasks. Some data augmentation strategies, such as
traditional translation, clipping, commonly used flip, rotation,
noise, and promising sample pairing, are utilized to increase
both the amount and diversity of samples. However, there is
no systematical research on how it affects the performance
of deep CNN. Thus, in this letter, a series of work on HSI
data augmentation is investigated, including the discussion of
common data augmentation methods and a novel and efficient
way to augment. In the proposed framework, each selected
pixel is built into a pixel block, and a pixel-block pair (PBP) is
used for training. If any two-pixel blocks (i.e., one PBP) come
from the same class, the label of the PBP remains unchanged,
otherwise, a new label is designed (i.e., zero). During testing
process, the class label of the pixel is generated by voting
from well-trained CNN classification results.

The main contributions are summarized as follows.
1) Experiments using common data augmentation methods

(i.e., flip, rotation, and noise) are made, from which
we find that traditional data augmentation approaches
are not the more cumulative the better, and increasing
sample size by three times is often enough to reach the
upper bound.

2) The proposed PBP method dramatically increases the
number of samples, which are confirmed to be effective
for HSI classification.
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Fig. 1. Flowchart of the proposed PBP-CNN for HSI classification.

Fig. 2. Detail steps of the proposed PBP strategy. Every two pixel-blocks have to be paired, and if the labels are the same, the new label remains unchanged,
otherwise, the label is zero.

II. RELATED DATA AUGMENTATION METHODS

Rotation, flip, and adding random noise are common
data augmentation methods [14], [18]. Deep CNN framework
using these data augmentation methods is much similar to
Fig. 1, which will be explained in detail in Section III. The
differences are as follows: there are two kinds of convolution
kernel size in this framework, the convolution kernel size
of the first two convolution layers is 3 × 3, and the con-
volution kernel size of the following two convolution layers
is 1 × 1. In addition, the final label of the latter is gener-
ated by softmax directly. Furthermore, the stochastic gradient
descent is employed. The batch size, learning rate, momentum,
and weight decay are set to 128, 0.001, 0.99, and 0.001,
respectively. However, the four parameters of PBP are set to
64, 0.01, 0.9999, and 0.1.

A series comparative experiments are conducted using three
common data augmentation methods: flip, rotation, and noise.
The number of samples per class is often increased by 1, 2, 3,
and 10× N . The method of doubling samples includes:
rotating once, rotating once and adding noise, flip once, flip
once and adding noise, and adding noise. The method of
tripling samples includes: rotating twice, rotating twice and
adding noise, flip twice, and flip twice and adding noise. The
method of increasing samples to four times includes: rotating
by three times and rotating by three times and adding noise.
The method of increasing samples by 10× is: rotating by three
times, rotating by three times and adding noise, flip twice,
and flip twice and adding noise. All of these methods are
summarized in Tables III and IV.

III. PROPOSED PBP-CNN FRAMEWORK

The proposed PBP-CNN can significantly improve the pre-
vious deep pixel-pair feature (PPF-CNN) [19] that ignores the
rich spatial information. The PBP-CNN utilizes both spectral
and spatial information in HSI, and the impact of training
sample size on classification accuracy will be investigated.
The flowchart of PBP-CNN is illustrated in Fig. 1. There
are multiple layers in the designed deep CNN, including
four convolutional layers, a maximum pooling layer, and two
fully connected layers. Each convolution operation contains
an exact operation, including the convolutional (conv) layer,
batch normalization, and nonlinear transformation. Specifi-
cally, in the implementation phase, all the convolution opera-
tions are executed with zero padding, the convolution kernel
is set to 2×2, and the convolution step is set as 1. In addition,
the maximum pooling operation is executed without zero
padding, the maximum pooling kernel is set to 2 × 2, and the
step is set as 1. Finally, the labels obtained by softmax are not
used directly, and the final labels are generated by a decision
fusion strategy during testing process. Note that selected pixels
for training and testing do not input to the PBP-CNN directly,
but pixel blocks are constructed to take both spectral and
spatial information into account. Pixel blocks are combined
in some way and then the combined results are fed into the
deep CNN, which increases the diversity of samples and makes
the model more reliable.

A. PBP-CNN During Training
The proposed PBP can be viewed as a new data augmenta-

tion method, as shown in Fig. 2. We first build 3×3× L pixel
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Fig. 3. Illustration of benefits of the proposed PBP strategy. (a) Pixel blocks
come from the same class. (b) Pixel blocks come from different classes.

Fig. 4. Example of using decision fusion in the testing phase. (a) Center
pixel block of the edge belongs to class one. (b) Center pixel block of the
edge belongs to class two.

blocks with the pixels for training, where L is the number of
bands. Then, each pixel block is paired with all other pixel
blocks to form new ones named PBP, whose size is 3×6× L.
After new pixel-blocks are formed, labels are redefined using
the following rules: if two-pixel blocks belong to the same
class, the label remains unchanged, otherwise, the label is
zero. The effect of using this method for data augmentation
is obvious; that is, the number of samples per class can be
increased from N to N(N − 1)/2.

Actually, the proposed PBP in HSI classification contributes
more than just increasing the number of samples. As shown
in Fig. 3(a), it helps the CNN learn the commonality within
the same class better than building a large pixel block, when
two-pixel blocks come from the same class. On the contrary,
if two-pixel blocks come from different classes as shown
in Fig. 3(b), the features are quite diverse, which makes the
CNN classifier more robust.

B. PBP-CNN During Testing
Decision-fusion strategy is employed in the testing phase

according to the fact that adjacent pixel blocks are more likely
to belong to the same class, as illustrated in Fig. 4 with digits
representing class labels of paired pixel blocks. Obviously,
decision fusion can be very helpful to make a correct judgment
whether an edge pixel belongs to the first or the second class.
First, 3 × 3 × L pixel blocks are built with the selected pixels
for testing. Then, each pixel block is paired with eight-pixel
blocks around it as shown in Fig. 5.

Let St represent a pixel block with the size of 3 × 3 × L
and the set of eight pixel blocks is expressed as S = {Si }8

i=1.
According to the pairing rules, the new pixel blocks can be

Fig. 5. Pixel block pairing rules during the test phase.

TABLE I

NUMBER OF TRAINING AND TESTING SAMPLES FOR THE INDIAN

PINES DATA SET, N = 30, 50, 70, 100, AND 150

TABLE II

NUMBER OF TRAINING AND TESTING SAMPLES FOR THE SALINAS

DATA SET, N = 30, 50, 70, 100, AND 150

denoted as S = {{S1, St }, {S2, St }, {S3, St }, ..., {S8, St }}. All of
these new pixel blocks are fed into the CNN. Accordingly,
eight labels are generated as the output, and the one that
appears most frequently is the final label. Since the pixel
blocks labeled as zero do not belong to any class, they are
not further studied in testing.

IV. EXPERIMENTS AND ANALYSIS

For the proposed deep CNN with PBP features, all the
programs are implemented using Python language, and the net-
work is constructed using TensorFlow1 and Keras2 framework.
TensorFlow is an open source software library for numerical
computation using data flow graphs, and Keras can be seen as
an interface of it. Moreover, in order to avoid an imbalanced

1https://github.com/fchollet/keras
2http://tensorflow.org
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TABLE III

CLASSIFICATION ACCURACY (%) WITH DIFFERENT AUGMENTATION METHODS USING THE INDIAN PINES DATA

TABLE IV

CLASSIFICATION ACCURACY (%) WITH DIFFERENT AUGMENTATION METHODS USING THE SALINAS DATA

training problem caused by a large number of zero labels
after pairing, an effective method is applied; that is, when
a pixel block is paired with different classes of pixel blocks,
only three pixel blocks from each of the other classes are
selected randomly to pair with it.

Classification performance of the proposed PBP-CNN is
evaluated on two hyperspectral data sets, i.e., Indian Pines
data set and Salinas data set. The Indian Pines data set,
which consists of 220 spectral channels covering the range
from 0.4 to 2.5 µm with a spatial resolution of 20 m, was
gathered by the Airborne Visible Infrared Imaging Spectrom-
eter (AVIRIS) sensor in northwestern Indiana. The image size
is 145 × 145. Eight classes are selected for the following
experiments [14]. For each class, we randomly select quan-
titative pixels (i.e., 30, 50, 70, 100, and 150) for training,
and all remaining pixels are used for testing. The numbers of
training and testing samples are listed in Table I. The Salinas
data set, which comprises 224 spectral bands with a spatial
resolution of 3.7 m, was collected by the AVIRIS sensor over
Salinas Valley, CA, USA. The image size is 512 × 217. There
are 16 classes, and the number of training and testing samples
are listed in Table II.

Tables III and IV provide overall accuracy using different
data augmentation methods (i.e., flip, rotation, and noise). The
numbers of training samples per class are increased by one,
two, three, and ten times N . For comparison, the experiments
are executed 10× and averaged results are reported. It is easy

to observe that the classification accuracy improves generally
when the number of sample size per class (i.e., 30, 50, 70, 100,
and 150) is larger. The reason for this is that increasing sample
size helps to build a more complete model. Different data
augmentation methods increase the sample size by different
multiples (e.g., 1, 2, 3, ...).

Obviously, the classification accuracy is improved with the
increase of samples. However, adding more samples cannot
guarantee further performance improvement. For example,
the effect of increasing sample size by three times is equivalent
to or even more 10×, from which we can conclude that
increasing the sample size by three times to augment data
is a better choice. In other words, by using a common data
augmentation, increasing to 4N is enough rather than 11N .
Considering the two highest classification accuracies for the
same number of training samples, nearly half of them cor-
respond to the designed PBP-CNN, which strongly indicates
that the proposed method is competitive with the usual data
augmentation approaches.

In order to further validate the proposed PBP-CNN,
we compare the performance with some state-of-the-art HSI
classification approaches, such as SVM with the compos-
ite kernel (SVM-CK) [20], multiple classifier systems-based
SVM with random feature selection (SVM-RFS) [21],
and PPF-CNN [19]. The class-specific accuracy is listed
in Table V. The PBP-CNN is obviously superior to all the other
classifiers. Computational complexity of training and testing
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TABLE V

CLASSIFICATION ACCURACY (%) OF THE PROPOSED METHOD
AND THE BASELINES (N = 30, PIXEL-BLOCK SIZE = 3 × 3)

TABLE VI

COMPUTATIONAL COMPLEXITY OF AFOREMENTIONED

CLASSIFIER (N = 30, PIXEL-BLOCK SIZE = 5 × 5)

processes is further summarized in Table VI. For the training
process, CNN with no data augmentation is faster than the
other two because its input size is much smaller. The proposed
PBP takes a longer time because the sample size is increased
greatly due to the pairing process.

V. CONCLUSION

Deep CNN-based HSI classification using common data
augmentation methods (i.e., flip, rotation, and noise) was
investigated. It turns out that more augmented samples may
not result in better performance; for example, the sample size
increased to 4N might be better than that of 11N . In addition,
a novel PBP-CNN model was proposed. During the training
phase, each pixel block was paired with all other pixel-blocks
to form new ones, named PBP. In the testing phase, each
pixel block was paired with the surrounding eight pixel-blocks,
and a decision fusion strategy was employed to determine the
final label. Experimental results have demonstrated that the
performance of the proposed PBP-CNN method is competitive
with the common data augmentation methods even when the
number of samples is relatively small. The primary advantage
of the proposed method is that it not only increases the number
of samples but also helps the CNN to better learn the com-
monality within the same class. Nevertheless, the relatively
complex implementation and long running time still need to
be fixed.
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