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ABSTRACT

In spite of being widely used in hyperspectral image (HSI)
classification, most deep learning algorithms require plenty
of labeled samples to achieve satisfactory performance. How-
ever, manual labeling is very time-consuming and laborious in
practice. To solve such problem, we propose a method, called
spatial-spectral contrastive learning (SSCL), to learn the rep-
resentations of HSIs suitable for classification in an unsuper-
vised manner. We demonstrate that the useful contents (e.g.,
semantics) are invariant under the spatial and spectral do-
mains while the uninformative ones are usually not. Thus, we
learn powerful representations that model domain-invariant
information by defining a contrastive prediction task. Specifi-
cally, two signals are constructed for an HSI sample to include
information of the two domains, and the representations of
these two signals are then optimized to be similar, such that
the domain-invariant contents are extracted. We conduct clas-
sification experiments on the learned representation with very
few labels, the results of which verify the superiority of our
method over the state-of-the-art techniques.

Index Terms— Unsupervised learning, contrastive learn-
ing, hyperspectral image classification.

1. INTRODUCTION

Since it is capable of capturing both spatial and spectral
information of the ground objects, hyperspectral imaging
technology has been broadly used in many applications,
including mineral detection [1] and environmental monitor-
ing [2]. Hyperspectral image (HSI) classification, as a key
analysis method for these applications, has gained a lot of
attention. Early methods propose to classify the HSIs based
on hand-crafted features, which suffer from very poor per-
formance [3]. Recently, owing to the development of deep
learning in image processing [4—6], many methods have ap-
plied deep learning algorithms to solve the HSI classification
and present impressive performance [7, 8]. However, the lack
of labeled data still remains a main obstacle for most deep
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learning models. Many methods have been proposed to solve
the problem, among which deep unsupervised learning is an
important branch.

Deep unsupervised learning algorithms extract features
from the samples without label information. One well-known
tool is the autoencoder, which learns a latent encoding ori-
ented for the input reconstruction. Numerous methods em-
ploying autoencoders for the unsupervised HSI classification
have been proposed [9, 10]. Another architecture widely
used is the generative adversarial network (GAN) [11,12]. It
consists of a generator and a discriminator, which compete
against each other such that the generator learns the real data
distribution while the discriminator learns to extract the deep
features. The major drawback of these methods is that they
try to code all the information of the input data. However,
HSIs are in fact very low-semantic. Many contents, such as
redundancies and noise, are less useful for object identifica-
tion. Thus, these representations coding all the contents do
not perform well on subsequent classification problems.

In contrast, we aim to recognize the contents useful for
identification and learn representations that only code such
contents without label information. HSI is able to capture
spatial and spectral features of an object together. Although
different from each other, these two types of features reflect
characteristics of the same object, which demonstrate that the
desired information related to semantics is domain-invariant.
It also corresponds to the fact the way we sense an object does
not change what it is. In contrast, the undesired contents, such
as noise and redundancy, are usually independent between the
two domains.

Our goal is thus to learn representations that capture the
domain-invariant information. To do so, we propose a spatial-
spectral contrastive learning (SSCL) framework. Specifically,
we construct a pair of signals for each HSI sample to represent
the two domains, respectively. Then, we learn two embedding
functions such that the two signals of the same sample are pro-
jected to nearby points while those of different samples are
mapped to distant points. Our main contribution is to learn
powerful representations by exploring the domain-invariant
information. To evaluate the quality of our representations,
i.e., whether suitable for classification, we conduct classifica-
tion experiments on the learned representations with limited
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Fig. 1. Architecture of the SSCL framework.

labeled samples, the results of which illustrate the effective-
ness of our method on differentiating the useful versus the
undesired contents.

2. METHODOLOGY

2.1. Goal and motivation

The object of this work is to learn semantically meaning-
ful representations of HSI samples in an unsupervised man-
ner. Consider an HSI dataset of N unlabeled samples X =
{2} ,. The sample 2* € RW*W*C denotes the ith hyper-
spectral cube, where C'is the size of each spectra and W x W
represents the size of each band. The spectra and bands repre-
sent the spectral and spatial information of the sample, respec-
tively. Motivated by the fact that the useful contents are in-
variant under the two domains, we learn representations cod-
ing such contents by pushing the matched bands and spectrum
closer to each other with the SSCL framework.

2.2. Spatial-spectral contrastive learning

The SSCL is designed to learn powerful representations in
four steps. First, we construct a pair of signals for every HSI
sample to include the information in the two domains, respec-
tively. Second, two embedding functions are built to learn the
representations of different signals, respectively. Then, we
employ two simple transform functions to project the repre-
sentations to other spaces. Lastly, a contrastive loss is applied
on the projections to guide the model training. The architec-
ture of the SSCL is presented in Fig. 1, introduced next in
details.

Table 1. Detailed settings of the ID-CNN and 2D-CNN used
as the embedding functions.

1D CNN 2D CNN

Layer Filters Layer Filters
Convolution 3, 64 Convolution 3x3, 64
Convolution [3, 128]%x2 Convolution [3%x3, 128]x2
Max pooling 3,128 Max pooling 2x2,128
Convolution [3,256]%x2 Convolution [3%x3,256]x2
Max pooling 3,256 Max pooling 2x2,256
Convolution [3,512]%x2 Convolution [3%x3,512]x2
Max pooling 3,512 Max pooling 2x2,512

Flatten N/A Flatten N/A

Fully connected N/A Fully connected N/A

Signal construction. Given a sample x', we construct
a pair of spatial and spectral signals (sépa, sépe), which are
regarded as a positive pair. In contrast, two signals of dif-
ferent samples are considered as a negative pair. The signal
construction is crucial to the representation quality. A posi-
tive pair of signals are supposed to contain adequate spatial
and spectral information of the object, respectively. Thus, the
center spectrum is selected as the spectral signal with a size
of C. Besides, we transform the sample by principal compo-
nent analysis (PCA) and use the first component as the spatial
signal with a size of W x W. This solution is based on two
considerations, covering abundant spatial information and re-
fraining from mixing spectral information.

Embedding functions. We build two embedding func-
tions fg,. () and fp () to learn the representations of the
two signals, respectively. Our framework allows many op-
tions for the embedding functions. Considering the different
size of the two signals, we adopt a two-dimensional convo-
lutional neural network (2D-CNN) to learn the spatial repre-
sentations 7,y = fgsm(sspa) € RP and a 1D-CNN to obtain
the spectral representations 7pe = fo,,. (Sspe) € RP. Note
that each convolution layer in the two networks is followed
by a batch-normalization layer and a ReL.U activation func-
tion. The detailed settings of the two networks are presented
in Table 1.

Transform functions. The representations are then
projected onto other spaces with two non-linear transform
functions Z4, () and tg, (-). Specifically, we use two multi-
layer perceptrons (MLPs) to obtain the projections pgp, =
Lo, (8spa) = Ws%a(s(Ws}:arsPa) and ppe = tOSpe(SSpe) =
W2 .6(Werspe), where § indicates the ReLU function, pyp,
and pge € R, Tt is found that it is better to compute the
contrastive loss on the projections than the representations
directly [13].

Contrastive loss. A contrastive loss is defined on the ac-
quired projections. We use the noise-contrastive estimation

1373

Authorized licensed use limited to: The University of Hong Kong Libraries. Downloaded on October 04,2022 at 06:41:35 UTC from IEEE Xplore. Restrictions apply.



(NCE) as the loss function [14]. Given a mini-batch of M
samples, anchoring at the spatial signals, the loss can be com-
puted as

exp (P (Pipas Pipe )/ T)

YL exp(® (Pl Plpe) /7)

)]
where T is the temperature hyper-parameter and (-, ) rep-
resents the cosine similarity between two vectors. The over-
all loss Lncg is computed across anchoring both spatial and
spectral signals. Minimizing this loss improves the prediction
accuracy by encouraging the representations from the same
samples to be similar while those of negative pairs dissimilar,
which enables us to extract the contents shared between dif-
ferent domains. After the contrastive learning, the concate-
nation of spatial and spectral representation is used for the
training of a linear classifier.

M
LNCE(Sspzu Sspe) = Z - IOg
i=1

3. EXPERIMENTAL RESULTS

3.1. Dataset and implementation details

The effectiveness of the SSCL is verified on the widely-used
Pavia University (PU) dataset. It is acquired over the campus
of the Pavia University. After removing the noisy bands, 103
bands, each of which has a size of 610 x 340, are remained. 9
classes of different ground objects are included in the dataset.
We select a 9 x 9 neighbourhood as the input sample. Thus,
the patch size W = 9 and band number C' = 103. 50% un-
labeled samples are chose for the unsupervised training. Dur-
ing the classification evaluation, 5 labeled samples per class
are randomly selected. We set the training epoch to 15, the
learning rate to 3 x 10%, the temperature hyper-parameter to
0.07 and the batch size M to 512. The Adam optimizer with
B1 = 0.9 is used to train the networks.

3.2. Results and analysis

In order to evaluate the representation quality, we conduct
classification experiments on the PU dataset with 5 labels
per class. Four unsupervised methods, namely, DAE [9],
3DCAE [10], WGAN-GP [12] and DMVL [15] are uti-
lized for comparison. The comparison methods are re-
implemented with PyTorch. The performance is measured
by overall accuracy (OA), average accuracy (AA), class-
specific accuracy and kappa coefficient (x), where the OA
represents the accuracy of all the test samples, AA is the
average accuracy of each class and x measures the agreement
between the ground truth and classification results. For all
the four metrics, higher value implies better performance.

As shown in Table 2, DAE obtains the lowest accuracy
over the PU dataset, because it only considers spectral in-
formation for feature extraction. 3DCAE and WGAN-GP,
which are based on 3D autoencoder and GAN, respectively,

Table 2. Classification results of different methods over the
PU dataset. The best OA, AA and k are in bold.

Class DAE [9] 3DCAE WGAN- DMVL SSCL
No. [10] GP [12] [15]
1 51.47 58.60 44.08 77.04 79.29
2 67.82 63.69 75.97 77.19 93.99
3 25.71 71.41 92.74 93.56 88.00
4 96.42 95.71 98.09 91.86 99.60
5 99.93 100.00  100.00 100.00 100.00
6 65.14 76.20 81.43 73.99 87.29
7 97.59 98.80 99.55 98.27 95.11
8 81.59 90.39 54.21 80.12 88.65
9 99.26 100.00  99.79 99.79 95.99
OA(%) 69.04 72.76 74.24 80.86 90.79
AA(%) 76.10 83.87 82.87 87.98 91.99
k(%) 61.71 67.00 68.05 75.87 88.08

WGAN-GP [12]

DMVL [15]

SSCL

Fig. 2. Classification maps of each method over the PU
dataset.

also give quite poor performance in terms of various metrics.
It demonstrates that compressing the information of the HSI
samples undiscriminately is not effective for extracting pow-
erful features. Compared to them, DMVL presents better per-
formance, since it extracts more useful contents by conduct-
ing contrastive learning on different bands. However, many
nuisance information are also shared between different bands,
which lowers the representation quality greatly. In contrast,
our method extracting features by contrasting the spectral and
spatial domains outperforms all the comparison methods sig-
nificantly, which demonstrates the superiority of capturing the
domain-invariant information over other methods for discov-
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ering the desired semantic features and discarding the less
useful contents. For further comparison, the classification
maps of different methods and the ground truth over the PU
dataset are presented in Fig. 2. As can be seen, the SSCL ex-
hibits better classification result compared to the state-of-the-
art methods, which also verifies the quantitative assessment
results.

4. CONCLUSION

In this work, a spatial-spectral contrastive learning framework
is presented to learn powerful representations of HSIs. It is
motivated by the observation that the contents useful for clas-
sification are invariant under the spectral and spatial domains
while the less useful contents are not. Thus, our framework
is designed to learn representations that capture the domain-
invariant information. The results of classification experiment
verifies the discriminative ability of our representations. Our
work brings new opportunities for the unsupervised represen-
tation learning of HSIs by exploring the information shared
between the two domains.
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