
SCIENCE CHINA
Information Sciences

April 2020, Vol. 63 140306:1–140306:16

https://doi.org/10.1007/s11432-019-2798-9

c© Science China Press and Springer-Verlag GmbH Germany, part of Springer Nature 2020 info.scichina.com link.springer.com

. RESEARCH PAPER .
Special Focus on Deep Learning in Remote Sensing Image Processing

Cascade conditional generative adversarial nets for

spatial-spectral hyperspectral sample generation

Xiaobo LIU1,2,3, Yulin QIAO1,2*, Yonghua XIONG1,2,

Zhihua CAI4,5 & Peng LIU1,2

1School of Automation, China University of Geosciences (Wuhan), Wuhan 430074, China;
2Hubei Key Laboratory of Advanced Control and Intelligent Automation for Complex Systems, Wuhan 430074, China;

3Ministry of Education Key Laboratory of Geological Survey and Evaluation, Wuhan 430074, China;
4School of Computer Science, China University of Geosciences (Wuhan), Wuhan 430074, China;

5The Beibu Gulf Big Data Resources Utilization Laboratory, Beibu Gulf University, Qinzhou 535011, China

Received 31 October 2019/Revised 6 January 2020/Accepted 13 February 2020/Published online 9 March 2020

Abstract Sample generation is an effective way to solve the problem of the insufficiency of training data

for hyperspectral image classification. The generative adversarial network (GAN) is one of the popular deep

learning methods, which utilizes adversarial training to generate the region of samples based on the required

class label. In this paper, we propose cascade conditional generative adversarial nets for hyperspectral image

complete spatial-spectral sample generation, named C2GAN. The C2GAN includes two stages. The stage-

one model consists of the spatial information generation with a window size that entails feeding random

noise and the required class label. The second stage is the spatial-spectral information generation that

generates spectral information of all bands in the spatial region by feeding the label regions. The visualization

and verification of generated samples based on the Pavia University and Salinas datasets show superior

performance, which demonstrates that our method is useful for hyperspectral image classification.
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1 Introduction

In the field of hyperspectral imagery, tasks such as classification and target detection of hyperspectral

images have become increasingly popular. The influence factors have gradually shifted from the algorithm

structure to the lack of datasets that limit the accuracy of tasks such as image classification and target

detection [1]. Hyperspectral image sample generation not only solves the problem of insufficient samples

of hyperspectral datasets but also improves the observability of sample features of each label.

The main traditional methods of sample generation are based on specific functions to generate vir-

tual samples dependent on fixed real samples. The representative approaches of those methods are

mixture-based sample generation and transformation-based sample generation [2]. Chen et al. [3] pro-

posed mixture-based virtual samples for hyperspectral image classification that generates a virtual sample

from two real samples and Gaussian noise mixed by a proper ratio. Xu et al. [4] utilized transformation-

based sample generation for data augmentation, which generates samples by a transforming function and

Gaussian noise. Because virtual samples generated by traditional methods lack independence from the
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original sample, the generative adversarial network-based method would be more effective to generate

diverse and similar virtual samples.

The generative adversarial network (GAN) [5] is an essential algorithm for generating high quality

hyperspectral samples and has attracted wide attention in the field of image generation. Through the

adversarial learning between the generator model G and the discriminator model D, the GAN contin-

uously improves the image generation capability of the generator and the discriminating ability of the

discriminator, and finally, it can generate virtual samples with extremely high similarity of real samples.

In particular, conditional generative adversarial nets (CGAN) [6] can generate corresponding samples

based on the tags specified by the requirements. In the hyperspectral image sample generation field,

the difficulty encountered is that the generator needs to generate higher-complexity spectral information

while generating spatial information of a region block.

Recently, the application of the GAN algorithm in hyperspectral images has been mainly concentrated

on the task of classification. Zhu et al. [7] proposed 1D-GAN and 3D-GAN for hyperspectral image clas-

sification and used the generated samples whose band dimensions are reduced by principal component

analysis (PCA) for data augment. Zhan et al. [8] proposed HSGAN for semisupervised hyperspectral

image classification. MSGAN proposed by Feng et al. [9] acquired high classification accuracy by utilizing

a small amount of data. Ultimately, the discriminators of their models play a major role in the classifi-

cation task, but as the main function of GAN model, the generator should achieve better performance in

the field of hyperspectral sample generation.

In the hyperspectral sample generation field, Xu et al. [10] proposed SpecGAN to achieve the sample

generation of spectral information of hyperspectral images for the first time. They used the CGAN-

based model adapted to spectral information of hyperspectral images to generate spectral samples of

hyperspectral images by inputting the label vector y and random noise z. The visualization of generated

samples and comparison of classification results with generated samples were used to demonstrate the

ability of their model. However, it cannot generate the spatial information of hyperspectral images. Wang

et al. [11] proposed TripleGAN for training data generation to improve the classification model CapsNet.

They creatively integrated the classifier model into adversarial learning process, and improved the ability

of the generator model by reducing the classification loss. However, the spatial information is incomplete

which is firstly reduced by PCA and then turned into a 1-D spatial vector. As is well known, spatial

information, analogous to spectral information, plays an important role in the expression of hyperspectral

data. Therefore, this paper focuses on the overall generation of a hyperspectral image, including spatial

information with a window size, and spectral information that contains all bands, which differs from the

method of lowering the spectral dimension like PCA.

In this paper, we present a sample generation network named C2GAN for complete spatial-spectral

information generation of hyperspectral images to solve the problem that the existing methods cannot

generate complete spatial-spectral information. The main contributions of this paper are summarized as

follows.

(1) To solve the problem that complete spatial-spectral information is difficult to generate, our proposed

method C2GAN first achieves the complete spatial-spectral sample generation of hyperspectral images

with all bands in a spatial window. The C2GAN is a two-stage cascade model that generate spatial

information in stage one and generate spatial-spectral information in stage two.

(2) The process of adversarial learning of the GAN is often unstable, therefore the spectral normal-

ization and Wasserstein distance are used for optimizing the parameters of the models and loss function

respectively to improve the stability of GAN training process.

(3) The proposed method is tested in the Pavia University and Salinas datasets, and the generated

samples are used for data augmentation for classification to validate the ability of our proposed C2GAN.

The rest of this paper is organized as follows. Section 2 introduces previous studies. Section 3 describes

the algorithm details of the C2GAN network. The details and analysis of the experimental results are

provided in Section 4. In Section 5, conclusion and discussion are presented.
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2 Related work

2.1 Generative adversarial nets

GAN [5], which is inspired by the Nash balance of game theory, is a deep learning-based model for image

generation. The structure of the GAN is composed of a generatorG and a discriminatorD. The generator

G learns the probability distribution of the real sample s during the continuous training process to make

the generated image more realistic. Moreover, it also ensures the diversity of the virtual samples by

modifying the Gaussian noise input z. The discriminator D predicts the probability that the sample is

from the real sample s or the virtual sample G(z) through training. The minimax game of the generator

G and discriminator D can be described as

min
G

max
D

V (D,G) = Es∼pdata(s)[log(D(s))] + Ez∼pz(z)[log(1 −D(G(z)))]. (1)

The process of adversarial learning of the generator G and discriminator D is often unstable, causing

problems such as mode collapse [12], unbalanced training of the generator and discriminator, and gradient

disappearance. In an effort to improve the training process of GANs, Arjovsky et al. [13] proposed the

Wasserstein GAN (WGAN), which replaces Jensen-Shannon (JS) divergence with Wasserstein distance

in the loss function; Miyato et al. [14] proposed spectral normalization to make the discriminator function

satisfy 1-Lipschitz continuity.

2.2 Conditional generative adversarial nets

Different from the GAN, the CGAN [6] can generate samples conditioned on the class label by inputting

the Gaussian noise z together with the label information y to the generator G; then, the generator G

upsamples the common features related to both z and y by deconvolution repeatedly until the output size

of the feature map is the same as that of the real sample s. Label information y is also considered as a kind

of auxiliary information input into the discriminator D with the real sample s or the generated sample

G(z |y), and the discriminator D extracts the feature from the image information and label information

and then expresses them to discriminate the authenticity of the image. Under the process of adversarial

learning, the fake sample G(z |y) becomes similar to the real sample s. After being conditioned on the

class label y, the objective function of the adversarial learning of the generator G and discriminator D

changes as

min
G

max
D

V (D,G) = Es∼pdata(s)[log(D(s|y))] + Ez∼pz(z)[log(1 −D(G(z|y)))]. (2)

In addition, the framework of deep convolutional generative adversarial networks (DCGAN) [15] is often

embedded in CGAN to improve the ability of feature extraction. The convolutional layer has a better

ability to extract features than fully connected layers [16]. After the algorithm structure is replaced by

the generator G and discriminator D with convolutional layers, the similarity of fake images generated

by CGAN has been shown to greatly improve.

2.3 Image-to-image translation

Instead of being generating from Gaussian noise, PIX2PIX [17] is a CGAN-based model that converts

the input image into an image with the same style as output image, i.e., image-to-image translation. The

generator G of PIX2PIX no longer takes the Gaussian noise z as the input but takes the image x to be

converted as the input. It first learns the features of the input image through the convolutional layers,

and then generates the virtual sample G(x ) in the style of image y by deconvolutional layers. The task

of the discriminator is to determine the probability that the input image is the image y or the virtual

sample G(x ). The objective function of PIX2PIX can be described as

L(G,D) = argmin
G

max
D

(Ex,y[logD (x, y)] + Ex,z[log(1−D (x,G(x, z)))]) + λEx,y,z[‖y −G(x, z)‖1]. (3)
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Figure 1 (Color online) Framework of the proposed C2GAN method.

Furthermore, the same quality of the input image and output image is required in the PIX2PIX model,

which means the original model of PIX2PIX formulates that both the size and dimension of the input

image and output image must be the same, for example, an RGB input image translates the style to an

RGB output image.

3 Proposed method

Hyperspectral images have high spectral information complexity compared to ordinary images. Therefore,

it is hard to generate hyperspectral image samples with spectral information of higher-channel numbers

in spatial regions. As a result, existing methods such as 3D-GAN and TripleGAN use PCA to reduce the

spectral dimension to reduce the difficulty of sample generation.

Recent research on GANs has focused on the generation and conversion of higher-quality RGB images,

but in the face of higher-channel hyperspectral images, generators need to generate higher-dimensional

features that cause an obvious degradation in generation performance. In other words, to generate a

complete data block with all bands in a spatial window when the only input is just a class number is

difficult for a single GAN network to generate good samples under such a large amount of data. Therefore,

this paper proposes a cascaded network C2GAN to reduce the burden of network, which generates spatial

information of the sample image in stage one and generates spectral information of the sample image in

stage two.

The main framework of the proposed C2GAN is shown in Figure 1, which consists of four components

of a two-stage cascade network: generator G1 and discriminator D1 for spatial information generation,

generator G2 and discriminator D2 for spectral information generation.

3.1 Spatial information generation

Generator G1 and discriminator D1 jointly implement a process of sample generation of hyperspectral

spatial information from the input label C. The function of the generator G1 is to deconvolve the input

C into the spatial information image G1(x ) of the required size, and the role of the discriminator D1 is

to train the fake sample G1(x ) to be more similar to the real sample by adversarial learning in the form

of discrimination.

In Figure 2, we show how generator G1 generates the input label C as a spatial information sample.

First, the input label C, which is an Arabic number from all label numbers, should be encoded into x

to increase the dimensions of the input information before being input to G1; for example, scatter the

input label 6 into [000001000] if there are a total of 9 labels. Then, the prior input Gaussian noise Z1

and encoded label x are combined into G1. As shown in Figure 2, the feature maps of Z1 and x are

concatenated after being deconvolved initially; then, it is upsampled by three layers of deconvolution to

be shaped to the size of (32, 32). The activation function of each deconvolution is ReLU, while that of
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Figure 3 (Color online) Framework of discriminator D1 of stage one.

the last deconvolutional layer is tanh. Furthermore, batch normalization and spectral normalization are

widely added in each layer to improve model stability.

To ensure the similarity between generated virtual samples and real samples, the discriminator is tasked

with significant efforts, which is shown in Figure 3. First of all, extract image blocks from ground truth

image as the real sample y1, which is the object for G1 to learn. The label C is first expanded into

an image of the same size as y1, and then input into D1 with the real sample y1 or the generated fake

sample G1(x ). The method to extend C is to create an empty window with the same size as y1, and fill

all the blanks with the label number C, and it is used to suitable the parameter of D1. D1 extracts the

joint feature of the input label and image sample by four convolutional layers. The sigmoid activation

function is used to discriminate whether the input image sample is the real sample y1 or the fake sample

G1(x ), and the parameters of G1 and D1 are optimized by different loss functions.

The sigmoid activation function leads to mode collapse of G1 and D1, so this paper proposes to use

Wasserstein distance to optimize the loss function and improve the robustness of network models. The

loss function after using Wasserstein distance can be written as

L (G1) = −EG1(x)∼Pg
[D1 (G1(x) | c)], (4)

L (D1) = EG1(x)∼Pg
[D1 (G1(x) | c)]− Ey1∼Pr

[D1 (y1 | c)], (5)

where Pr is the real sample distribution, and Pg is the sample distribution produced by the generator G1.

3.2 Spectral information generation

The spatial information image has been generated by the input label C after the process of stage one

described above. To further generate a complete hyperspectral image with all bands, i.e., a spatial-spectral

image, this paper proposes to convert the spatial information image into a spatial-spectral information

image by a stage-two framework. The stage-two model is based on image-to-image transformation that

consists of generator G2 and discriminator D2.

The framework of generator G2 is shown in Figure 4, which is adapted from PIX2PIX in [17]. The fake

spatial data G1(x ) is input into an encoder-decoder network that consists of four convolutional layers to

extract the image feature and four deconvolutional layers to upsample the image. In the G2 framework

proposed in this paper, the skip connection strategy is added between each mirror layer except the first
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Figure 5 (Color online) Framework of discriminator D2 of stage two.

convolutional layer and the last deconvolutional layer because the first convolutional layer corresponds to

the image of the one-dimensional channel but the last convolutional layer needs to be upsampled to the

same channel dimension as the number of hyperspectral bands. In this way, the image data in a spatial

window with all bands are generated successfully.

The mission of discriminator D2 is similar to D1 proposed above, the difference between D2 and D1

is that firstly the structure of D2 adapts to 3-D image (spatial-spectral information), but those of D1

adapts to 2-D image (spatial information); Secondly, the loss function and gradient optimization are

shared by D2 and G2, and D1 shares the same loss function and gradient optimization with G1. As

shown in Figure 5, the spatial-spectral information image from G2(G1(x )) generated by G2 or the real

sample y2 is input into a discriminant network that is stacked by four convolutional layers and the sigmoid

activation function.

The loss function of the stage-two framework adopts that of PIX2PIX in [17] with the Manhattan(L1)

distance mixed, which can be written as

L(G2, D2) = argmin
G2

max
D2

(Ey2,c[logD2 (y2 | c)]

+ EG1(x),c[log(1−D2 (G2(G1(x) | c)))])

+ λEG1(x),y2[‖y2−G2(G1(x))‖1], (6)

where λ is the coefficient of L1 loss.

To introduce our algorithm more clearly, we show our pseudocode in Algorithm 1.

4 Experimental result

4.1 Data description and experimental setting

In our study, two standard hyperspectral datasets are used for the hyperspectral image sample generation

experiment, i.e., the Pavia University and Salinas datasets.

The Pavia University dataset is gathered by the Reflective Optics System Imaging Spectrometer

(ROSIS-3) over the city of Pavia, northern Italy. The original dataset has 115 bands in the range of

0.43–0.86 µm with the size of 610 × 340 pixels, which has high spatial resolution of 1.3 m/pixel. In the

experiment, 12 noisy bands have been removed and the remaining 103 channels are used for generation.

There are a total of 9 labels of ground truth. Figure 6(a) and (b) demonstrates the ground truth of Pavia

University and the false-color composite map (bands 53, 31, and 8).
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Figure 6 (Color online) Display of datasets. (a) Ground truth of Pavia University; (b) false-color composite map of Pavia

University (bands 53, 31, and 8); (c) ground truth of Salinas; (d) false-color composite map of Salinas (bands 50, 170, and

190).

Algorithm 1 Cascade conditional generative adversarial net

Input: the spatial training samples y1, scattered label x and spatial-spectral training samples y2.

Output: generated spatial-spectral sample G2(G1(x)).

1: Initialize weight and bias of G1, G2, D1, D2;

2: for every epoch do

3: for b y1, b x in every minibatch combination (y1, x) do

4: Create Gaussian noise Z1;

5: Generate spatial samples G1(b x, Z1);

6: for k steps do

7: Update parameters of D1 based on loss function L(D1) in (5);

8: end for

9: Update parameters of G1 based on loss function L(G1) in (4);

10: end for

11: end for

12: for every epoch do

13: for b y1, b y2 in every minibatch combination (y1, y2) do

14: Generate spatial-spectral samples G2(b y1);

15: for k steps do

16: Update parameters of D2 by maximizing L(G2, D2) in (6);

17: end for

18: Update parameters of G2 by minimizing L(G2, D2) in (6);

19: end for

20: end for

21: Generated spatial information G1(x) by trained G1;

22: Generated spatial-spectral information G2(G1(x)) by trained G2;

23: Return G2(G1(x)).

The Salinas dataset is collected by the 224-band Airborne Visible/Infrared Imaging Spectrometer

(AVIRIS) sensor over Salinas Valley, USA. After removing the 20 low signal-to-noise ratio (SNR) bands,

204 bands are retained for sample generation experiments. The dataset is composed of 512 × 217

pixels with a high spatial resolution of 3.7 m/pixel. The available ground truth map covers 16 classes.

Figure 6(c) and (d) demonstrates the ground truth of Salinas and the false-color composite map (bands

50, 170, and 190).

The generation experiment selects all nonzero labels for training with a window size of 32 × 32. To

facilitate network training, all data are scaled to the range of (0, 1), including spatial information data

and spatial-spectral information data. The noise input is Gaussian noise with the size of 100. The label

input is the number of the label, scattering into the shape of (1, nclass) for generator G1 and expanding
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Figure 7 (Color online) Visualization of spatial generation with the size of 32 × 32 pixels from 9 labels in total on the

Pavia University dataset.

into (1, 32, 32) for discriminator D1, nclass is 9 on the Pavia University dataset and 16 on the Salinas

dataset. The number of epochs is set as 500 for all C2GAN models. The optimizers of G1 and D1 are

both RMSprop with the learning rate of 0.0002, which decays per 100 epochs with the decay rate of

0.1. However, the Adam optimizer is utilized in G2 and D2 and is proven to be better than RMSprop

optimizer in stage two. The learning rate of it is set as 0.0002 without decay. After the spatial-spectral

information generation, all data are scaled to the range of (0, Max) as real hyperspectral image data.

4.2 Visualization of generated sample

In order to better display the 3-D spatial-spectral samples generated by the proposed C2GAN model,

we divide the visualization experiment into three parts: the visualization of spatial information, the

visualization of spatial-spectral information, and the visualization of band information.

The visualization of the spatial information image generated by stage one of C2GAN is presented in

Figures 7 and 8. After 500 epochs of adversarial training of G1 and D1, generator G1, which has the

ability to independently generate realistic samples, is taken out separately, and it is fed into required

label to generate the spatial information sample fixed with the labeled style. Figure 7 shows the spatial

information samples from label 1 to label 9 that have the initial ability to demonstrate the spatial

information of each label on the Pavia University dataset, and Figure 8 shows the spatial information

samples from label 1 to label 16 on the Salinas dataset.

Stage two of C2GAN translates the spatial information image into a spatial-spectral information image.

To show the effect of translation more clearly, the real spatial information data instead of the fake spatial

image are fed into G2. In this case, the comparison of the generated spatial-spectral data with the real

spatial-spectral data becomes feasible, which is shown in Figure 9. The generated spatial-spectral data
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Figure 8 (Color online) Visualization of spatial generation with the size of 32 × 32 pixels from 16 labels in total on the

Salinas dataset.

and real spatial-spectral data are shown as the false-color composite map with bands 53, 31, and 8 on the

Pavia University dataset, and bands 50, 170, and 190 on the Salinas dataset. From Figure 9, it is obvious

that the fake spatial-spectral image generated by G2 has a high similarity with the real spatial-spectral

image; it is basically the same as the real image in the overall field, and although noise is generated in

some pixels.

The data block of spatial-spectral information has been completely generated after the process of stage

two. In order to further compare the similarity of band information of generated data block and real

data, contrast curves between generated bands and real bands in each class are displayed in Figures 10

and 11. In Figures 10(a) and 11(a), we select 100 real spectra samples with all bands per class for drawing

curves. Figures 10(b) and 11(b) are the generated 100 spectra with all bands by C2GAN. As we can see

from the figures, the fake bands generated by our method can get the roughly trend of the real bands.

To quantitatively evaluate the similarity between generated bands and real band, the spectral angle

(SA) [18] is used for evaluating experiment, which measures the similarity between two spectra by cal-

culating the angle between two vectors. The smaller the angle is, the more similar the two spectra are.

Firstly, we choose 100 real spectra with all bands for comparison. Secondly, we randomly select 100 fake

spectra with all bands from generated data blocks for 10 times in the random generation process (in total

10 × 100 fake spectra). After that, we calculate the mean spectral angle between the 100 real spectra and
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Ground
truth

(a)

Generated fake
spatial-spectral image

Real spatial-spectral
image

Label 1

Label 2

Label 3
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Label 5

Label 6

Label 7

Label 8

Label 9

Ground
truth

(b)

Generated fake
spatial-spectral image

Real spatial-spectral
image
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Label 2

Label 3

Label 4
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Label 6

Label 7

Label 8

Label 9

Figure 9 (Color online) Comparison of ground truth, generated fake spatial-spectral image and real spatial-spectral image

of the first nine classes on the two datasets. (a) Pavia University dataset, bands 53, 31, and 8; (b) Salinas dataset, bands

50, 170, and 190.

100 fake spectra from the 10 times mentioned above. The spectral angle of the each of 100 real spectra

and the each of 100 fake spectral is calculated respectively and averaged during the process of the each

of 10 times, and the spectral angle of the each time is finally averaged for result. As is shown in Tables 1

and 2, the mean spectral angle (radian) is small in most of the labels, demonstrating that the similarity
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(a)

(b)

Figure 10 (Color online) Contrast curves between generated bands and real bands in each class on the Pavia University

dataset. (a) 100 real spectra with all bands; (b) 100 generated spectra with all bands.
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(a)

(b)

Figure 11 (Color online) Contrast curves between generated bands and real bands in each class on the Salinas dataset.

(a) 100 real spectra with all bands; (b) 100 generated spectra with all bands.
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Table 1 The mean spectral angle (SA) between the 100 generated spectra and the 100 real spectra of each class on the

Pavia University dataset

The class SA (radian) The class SA (radian)

class1 0.093±0.016 class6 0.176±0.030

class2 0.173±0.026 class7 0.075±0.015

class3 0.072±0.015 class8 0.067±0.011

class4 0.103±0.012 class9 0.362±0.047

class5 0.075±0.011

Table 2 The mean spectral angle (SA) between the 100 generated spectra and the 100 real spectra of each class on the

Salinas dataset

The class SA (radian) The class SA (radian)

class1 0.035±0.009 class9 0.163±0.182

class2 0.106±0.073 class10 0.187±0.044

class3 0.114±0.163 class11 0.093±0.023

class4 0.104±0.039 class12 0.115±0.056

class5 0.138±0.116 class13 0.073±0.020

class6 0.072±0.018 class14 0.121±0.017

class7 0.110±0.142 class15 0.130±0.007

class8 0.081±0.080 class16 0.106±0.045

between the real spectra and the generated spectra is high.

In general, the visualization experiments of spatial information, spatial-spectral information, band

information demonstrate that the fake samples we generate equip certain similarity as the real samples.

The C2GAN that we propose is demonstrated to be competent.

4.3 Verification of sample generation results

4.3.1 Data augmentation for classification

To verify the similarity of the generated sample, we use the classification network for comparative exper-

iments. We use the CNN and ResNet model for classification and use the real data or the combination

of real data and generated data for training.

The CNN model consists of four convolutional layers with batch normalization and ReLU, and the

ResNet model is ResNet18 [19] adapted to hyperspectral images. The learning rate and epochs of both

models are set as 0.0002 and 500, respectively. The optimizer of both models is Adam optimizer. For

each model, we create 6 datasets for training, named real-5, gen-5, real-10, gen-10 and real-30, gen-30,

and 3 datasets for testing, named test-5, test-10 and test-30. The datasets real-5, real-10 and real-30

are created by randomly extracting 5, 10 or 30 samples from each class in the real samples, i.e., in total

45, 90 and 270 samples for training. The datasets gen-5, gen-10 and gen-30 consist of the extracted real

samples and generated samples; the extraction process of the extracted real samples is the same as real-5,

real-10 and real-30, and the generated samples are created by 5, 10 or 30 samples per class generated by

C2GAN. In other words, the total of gen-5, gen-10 and gen-30 is 90, 180 and 540, respectively. The test

datasets test-5, test-10 and test-30 consist of 5, 10 or 30 samples per class after removing the training

dataset from all samples. We also add comparative experiments in the whole image. First we extract

1% of all data for training, i.e., the testing dataset test-1%, and the rest 99% for testing, and we create

the training dataset gen-1% for comparative experiment which is composed of real-1% and generated

samples that are created by 5 samples per class generated by C2GAN. Secondly, we create the real-5%

by extracting 5% of all data, and the rest 95% for testing, the training dataset gen-5% is created by

composing real-5% and generated samples is created by generating 10 samples per class. The verification

results of the CNN and ResNet model on the two datasets are shown in Tables 3 and 4, respectively.

From Tables 3 and 4, we can see from gen-5, gen-10, gen-30, gen-1% and gen-5% that the real data

with the generated data gain a higher overall accuracy and kappa than real-5, real-10, real-30, real-1%,
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Table 3 The comparison of real datasets real-5, real-10, real-30, real-1%, real-5% with generated datasets gen-5, gen-10,

gen-30, gen-1% and gen-5% in CNN and ResNet models on the Salinas dataset

Data
CNN ResNet

Overall accuracy (%) Kappa×100 Overall accuracy (%) Kappa×100

real-5 85.83±1.18 84.89±1.26 88.75±1.02 88.06±1.09

gen-5 87.92±1.56 87.11±1.66 91.50±2.68 92.08±2.92

real-10 93.54±0.59 93.11±0.63 93.12±1.02 92.67±1.09

gen-10 94.17±0.29 93.78±0.32 94.58±0.59 94.22±0.63

real-30 96.67±0.42 96.44±0.35 96.74±0.10 96.52±0.11

gen-30 97.50±0.17 97.33±0.18 97.15±0.10 96.96±0.10

real-1% 97.79±0.14 97.53±0.15 95.74±0.53 95.27±0.59

gen-1% 98.60±0.26 98.45±0.29 96.09±0.76 95.56±0.85

real-5% 99.75±0.02 99.73±0.02 99.72±0.01 99.68±0.02

gen-5% 99.79±0.04 99.77±0.05 99.85±0.01 99.84±0.02

Table 4 The comparison of real datasets real-5, real-10, real-30, real-1%, real-5% with generated datasets gen-5, gen-10,

gen-30, gen-1% and gen-5% in CNN and ResNet models on the Pavia University dataset

Data
CNN ResNet

Overall accuracy (%) Kappa×100 Overall accuracy (%) Kappa×100

real-5 78.33±3.29 75.62±3.70 73.89±1.84 70.62±2.07

gen-5 82.22±1.57 80.00±1.77 75.56±1.81 72.50±2.04

real-10 82.96±2.10 79.58±2.36 79.63±1.89 77.08±2.12

gen-10 83.33±3.27 80.12±4.08 82.96±0.52 80.83±0.59

real-30 89.88±1.49 88.61±1.68 90.12±0.76 85.56±0.52

gen-30 92.89±1.07 89.52±1.72 92.47±1.26 86.39±0.98

real-1% 95.17±0.42 93.16±0.56 95.81±0.28 94.47±0.37

gen-1% 95.24±0.45 93.70±0.63 96.09±0.23 94.84±0.30

real-5% 99.73±0.04 99.64±0.05 99.53±0.04 99.37±0.05

gen-5% 99.74±0.02 99.65±0.03 99.71±0.02 99.62±0.02

real-5%, respectively, in both the CNN and ResNet methods on the two datasets, which demonstrates

the realistic generation ability of the proposed C2GAN method. It should be noted that the results of the

data augmentation experiments in gen-1% and gen5% only improve a little rather than gen-5, gen-10 and

gen-30. Through the analysis of the training dataset, we think that the reason is the uneven distribution

of each class. For example, in the extraction process of gen-1% on the Pavia University dataset, the

number of real samples of class2 is 189, but that of class9 is 8. The generation process that generating

5 samples per class can contribute a lot for class9, but is helpless for class2.

4.3.2 Comparison with other method

We also compare our method with others in the form of classification. All methods select 5% of all data

as training dataset, and the rest as the testing dataset. In the case that our proposed method C2GAN do

not equip the ability of classification, we use our generated samples for data augmentation that generates

10 samples per class, and use CNN and ResNet models described above for classification.

The related parameters of C2GAN for sample generation and CNN, ResNet for classification are realized

as follows: the class number input of C2GAN is a number list of 10 order numbers of the class per class,

and the noise input is Gaussian noise with the shape of 100 × 1 × 1. The stage one of C2GAN generates

the spatial information image with a size of 32 × 32 × 1, the stage two of C2GAN translates the spatial

information image into spatial-spectral image with the size of 32 × 32 × 103 on the Pavia University

dataset and 32 × 32 × 204 on the Salinas dataset. The learning rate of C2GAN is 0.0002, the optimizer

is RMSprop for stage one and Adam for stage two, the batch sizes of the stage one and the stage two are

4 and 1, respectively, and the training epochs is 300 for both the stage one and the stage two models.

To facilitate the construction of the classification model, we reduce the all bands to three dimensions
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Table 5 Classification results of 3D-CNN, MSGAN, 3D-GAN, C2GAN+CNN and C2GAN+ResNet on the Salinas dataset

Method Overall accuracy (%) Average accuracy (%) Kappa ×100

3D-CNN 95.77±2.28 94.85±4.69 95.28±2.25

MSGAN 96.23±1.32 96.35±2.52 95.80±1.46

3D-GAN 99.61±0.22 99.48±0.32 99.50±0.37

C2GAN+CNN 99.79±0.04 98.72±0.71 99.77±0.05

C2GAN+ResNet 99.85±0.01 99.57±0.03 99.84±0.02

Table 6 Classification results of 3D-CNN, MSGAN, 3D-GAN, C2GAN+CNN and C2GAN+ResNet on the Pavia Univer-

sity dataset

Method Overall accuracy (%) Average accuracy (%) Kappa ×100

3D-CNN 97.63±0.21 96.71±0.57 96.85±0.28

MSGAN 98.10±0.51 97.68±0.65 97.48±0.69

3D-GAN 98.37±0.26 97.84±0.95 97.86±0.35

C2GAN+CNN 99.74±0.02 98.96±0.18 99.65±0.03

C2GAN+ResNet 99.71±0.02 98.54±0.38 99.62±0.02

by PCA for classification experiment. The CNN model consists of four convolutional layers with batch

normalization and ReLU adapted the HSI window size of 32 × 32 × 3, the ResNet model is ResNet18 [19]

adapted the HSI window size of 32 × 32 × 3. The learning rate and epochs of both models are set as

0.0002 and 500 on the two datasets, respectively. The optimizer of both models is Adam optimizer.

The related methods, such as 3D-CNN, MSGAN, 3D-GAN are chosen as comparative methods. The

parameters of 3D-CNN are the same as [3], using mixture-based sample generation for data augmentation.

The parameters of MSGAN and 3D-GAN are the same as [7, 9], respectively. All comparative methods

select 5% of all data as training dataset, and the rest as the testing dataset, which is the same with

C2GAN with CNN and ResNet. The results of the two datasets are shown in Tables 5 and 6. The

tables demonstrate that our method performs better on the two datasets, C2GAN with ResNet produces

the best performance with 99.85% overall accuracy, 99.57% average accuracy and 0.9984 Kappa on the

Salinas dataset, C2GAN with CNN obtains the best overall accuracy, average accuracy, Kappa with

99.74%, 98.96% and 0.9965, respectively on the Pavia University dataset.

5 Conclusion

In this paper, a cascade method C2GAN is proposed for the generation of hyperspectral complete spatial-

spectral information samples for the first time. C2GAN not only contributes an efficient implementation

algorithm to the problem of insufficient samples of hyperspectral images but also contributes to the

high-dimensional image generation in the GAN field. To generate high-dimensional hyperspectral images

without PCA, we thoughtfully combine a stage-one model with a stage-two model to make it efficient.

The model of stage one generates the spatial information data with a window size by an input label. The

model of stage two enriches the aforementioned spatial-spectral information data with all bands by spatial

information data. To relieve the trouble of model collapse during the training process, the Wasserstein

distance is adapted in the loss function to improve the stability of the optimization process, and spectral

normalization is also utilized to optimize model parameters. Experimental results including visualization

and verification on the Pavia University and Salinas datasets demonstrate the realistic generation ability

of the proposed C2GAN method, and the spectral angle strategy is used for quantitative evaluation of

generation similarity. Furthermore, there is a existing problem for our generated samples: the existing

noise in the original samples leads to the visible noise existing in the sample image generated by the model

of C2GAN. In the future, the original noisy samples selection methods will be considered in C2GAN to

generate more precise and clear samples with less noise. In addition, an innovative denoising algorithm

should be reasonably introduced into the C2GAN model to reduce the noise.
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