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Abstract— Fully supervised methods for hyperspectral image
(HSI) classification usually require a considerable number of
training samples to obtain high classification accuracy. How-
ever, it is time-consuming and difficult to collect the training
samples. Under this context, semisupervised learning, which can
effectively augment the number of training samples and extract
the underlying information among the unlabeled samples, gained
much attention. In this letter, we propose a Multiscale convolu-
tional neural networks (CNNs) Ensemble Based Self-Learning
(MCE-SL) method for semisupervised HSI classification. Gen-
erally, the proposed MCE-SL method consists of the following
two stages. In the first stage, the spatial information of different
scales from limited labeled training samples are extracted to
train several CNN models. In the second stage, the trained
multiscale CNNs are used to classify the unlabeled samples.
After error correction, the problem of label partially incorrect
is alleviated, and unlabeled samples with high confidence will
be added to the original training data set for the next training
iteration. We conduct comprehensive experiments on two real
HSI data sets, and the experimental results show that the
proposed MCE-SL can obtain better classification performance
compared with several traditional semisupervised methods in few
iterations.

Index Terms— Convolutional neural network (CNN), ensemble
approach, hyperspectral image (HSI) classification, self-learning,
semisupervised learning (SSL).

I. INTRODUCTION

D IFFERENT from the natural image that only contains
three color channels, hyperspectral image (HSI) consists

of hundreds of feature bands, which contains rich information
in both spatial and spectral dimension, and can detect more
latent details. Therefore, HSIs are widely used in disaster
detective, land planning, and the environment monitoring [1].
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Generally, these applications always need accurate classifica-
tion of HSI. To achieve high accuracy of HSI classification,
many fully supervised classification methods are proposed.
Support vector machines (SVMs) [2] and random forest [3] are
two typical supervised techniques to solve the problem of HSI
classification. Deep neural networks based methods [4]–[6]
become the mainstream in recent years since it can classify
the HSI by an end-to-end way, and achieve a higher accu-
racy. However, fully supervised classification methods always
require a considerable number of training samples to obtain
high classification accuracy, which is time-consuming, and
difficult to collect the training samples for HSI since it needs
to label the samples on the pixel-level [7].

To address this problem, researchers try to augment the data
set based on a few labeled samples [8]. Haut et al. [9] adopt
random occlusion to generate different samples for increasing
the variations of spatial features. Specifically, active learn-
ing (AL) is proposed to utilize the prior knowledge to learn
new information and gather experience, in turn, knowledge
and experience interact constantly [10]. AL attempts to select
the most useful unlabeled samples through a particular query
strategy to obtain a better classifier. Generally, the query
strategy is based on uncertainty and diversity [11], such as
Maximum Entropy [12], Mutual Information Criterion [8],
and so on. Those functions are illustrated and contrasted by
Haut et al. [13].

Compared with the AL algorithm that is an interaction
process between the system and experts, self-learning algo-
rithm does not rely on the human’s intervention. Through
self-learning, the classifier trained by the labeled samples will
be utilized to assign a unique label to the unannotated data
that belongs to a candidate set, where it can help to improve
the performance of model gradually. Dopido et al. [14] trans-
form AL to a self-learning framework, in which the trained
model can automatically select the most valuable unlabeled
samples, and label them. In the process of self-learning, many
works fuse the spatial and spectral information to enhance
the classification performance. In [15] and [16], the clustering
analysis is used to combine spatial and spectral information.
In [17] and [18], the random walk is utilized to make use
of the spatial information for post processing. In addition to
the traditional methods, the emerging neural network algo-
rithm shows a very promising classification performance.
Wu and Prasad [19] proposed a constrained Dirichlet process
mixture model for semisupervised clustering, and treat the
spectral band as sequence so that the convolutional recurrent
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Fig. 1. Framework of the proposed select strategy. Multiscale patches with the same centering pixel sample are used as the input of ensemble models to get
the probability maps. An error correct mechanism is utilized to alleviate the label partially incorrect problem and select the pseudo samples.

neural network (CRNN) can be used. However, the above-
mentioned methods only explore the spatial information in
one single fixed scale, which may not fully exploit the spatial
information of HSI.

In this letter, we propose a multiscale convolutional neural
networks (CNNs) ensemble based self-learning (MCE-SL)
method for semisupervised HSI classification. Specifically,
a few labeled training samples with spatial information
of different scales are used to train several CNN models,
in which different classifiers can complement each other
in performance. In the second step, the multiscale clas-
sifiers are utilized to assign a label to each unlabeled
sample, and the extend random walk (ERW) algorithm is
applied to optimize the results. Finally, a majority voting
based strategy is conducted to select the unlabeled sam-
ples with high confidence, which can alleviate the label
partially as incorrect problem. Those selected instances will
be added to original training data set for the next training
iteration.

The remainder of this letter is organized as follows.
Section II introduces the proposed method. Section III presents
and analyzes the experimental results. In Section IV, we con-
clude this letter.

II. PROPOSED METHOD

The proposed method mainly consists of two steps: training
of ensemble models, and collection of unlabeled samples.
The first stage aims to obtain several classifiers that learned
high-level features, which have the capacity to judge the
candidate samples set. Then, an error correction mechanism
based on majority voting is used to select the most informative
and confident samples to augment the initial training set.
Self-learning is an iteration process until the final result is
satisfied. The framework of the proposed method is shown
in Fig. 1.

A. Multiscale CNNs Ensemble

The amount of training samples and its distribution in space
are both important to improve the classification accuracy.
In this letter, we propose a new method based on multiscale
spatial information and majority voting, which selects the unla-
beled samples in an effective way and enhances its confidence.

Fig. 2. University of Pavia. (a) Color image. (b) Ground truth.
(c) Classification map of labeled samples.

The high dimensional image has rich spectral informa-
tion, while it also has very high computational complexity.
Therefore, the principal component analysis (PCA) [20], [21]
is first conducted to project the initial image into m-bands.
The PCA algorithm can remove the redundant information
and preserve the less relevant information, i.e., the most
useful information [22]. This operation can greatly reduce the
parameters in CNN, and the dimension reduced image will
be used in the construction of weight graph in ERW in the
follow-up step.

Next, n different rough CNN classifiers are trained by a
few labeled samples with n different patch sizes, respectively.
Specifically, we labeled the patch of each sample with the label
of central pixel in the patch [22]. It is based on the assumption
that the adjacent pixels often have the same label so that
the local spatial information and spectral information are
imported to the model at the same time. In addition, patches
with different sizes will show different prediction accuracy
for a certain instances since their spatial information are
discrepant. Therefore, n submodels are trained with multiscale
patches, where patches belonging to the same sample have
the same center pixel point. Each classifier will independently
distinguish all class and the outputs are presented as a manner
of probability maps. All those models will be integrated as an
entirety, they exploit the complementary information among
different scales.
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B. Error Correction Mechanism

The initial probability maps estimated by the above process
still have noises for the rough CNN models and self-learning’s
automatic annotation. Meanwhile, the patch only utilizes the
local spatial information, and the spatial relationship between
different patches is not used. In order to alleviate the label
partially incorrect problem, ERW algorithm is used to optimize
the initial probability maps. Thus, n optimized probability
maps M = (m1, m2, . . . , mn) with the size of (h, w, c) are
obtained, where h, w, c indicate the height, width, and the
number of classes of the HSI image, respectively.

Let the Pij(0 ≤ i ≤ n, j ∈ Du) be the optimized
probability vector that a pixel j belongs to each class, where
Du represents the unlabeled data set, and n is the number of
optimized probability maps. Therefore, we can calculate the
mean probability vector Pmj of each pixel and the new mean
probability map Mm, in which

Pmj = 1

N

n∑
i=0

Pij. (1)

The set of M and Mm form a committee, and every member
give its own judgment to the unlabeled samples. Specifically,
the class label Lij = argmaxPij to each pixel in the M
and the voting label Lm = argmaxPmj to each pixel in the
Mm are obtained, respectively. The pseudo-labels are selected
based on the majority voting, that is, the samples accepted by
most of the committee member will be considered. To further
improve the accuracy, we set a threshold probability Pthreshold

so that the pixel with low confidence can be excluded. The
details of the majority voting strategy can be described by the
following formula:

Lmj =
{

selected, Pmj ≥ Pthreshold & Lmj = Lij

discard, else.
(2)

In order to improve the robustness of the method, we use
Euclidean distance to represent the diversity of samples.
Specifically, N samples with the characteristic that the
Euclidean distance between any two of them is relatively large
are selected for each category from Lmj. Those pseudo-labels
and the corresponding samples constitute a new pseudo set Dp.
We add them to the initial labeled training set Dl and remove
them from the unlabeled data set Du. The process is repeated
until the final training set is optimal. Note that, few iterations
are enough to obtain a good classification performance.

III. EXPERIMENTAL RESULTS

A. Data Sets

In order to verify the effectiveness of the proposed MCE-SL
method, we evaluate it in the following two real HSI data sets:
University of Pavia Data set and Botswana Data set.

1) Pavia Data set: The Pavia data set was acquired by
the Reflective Optics System Imaging Spectrometer (ROSIS)
sensor. The image size is 610×340×103 (where 12 bands with
noises and same samples with no information were removed
before the analysis), and its wavelength ranging from 0.43 to
0.86 µm. The spatial resolution is up to 1.3-m per pixel.
Fig. 2(a) and (b) show the corresponding color image and
ground truth, in which nine classes are contained.

Fig. 3. Houston data set. (a) Color image. (b) Ground truth. (c) Classification
map of labeled samples.

2) Houston Data set: Houston data set is a HSI that covers
the area of Houston University and its neighboring urban.
15 land cover classes are included in a space of 349 ×
1905 pixels, where the spatial resolution is 2.5 m, and each
pixel has 144 bands over a wavelength of 380 ∼ 1050 nm.
Fig. 3(a) and (b) show the corresponding color image and
ground truth.

B. Experimental Setting

In the proposed MCE-SL method, a VGG like network
architecture (3D-CNN) is adopted as a general model. The
model includes five convolutional block, two pooling layers
and one fully connected layers. A 3-D patch of size d × d × m
is received as input data of the first CONV layers in order to
make full use of the spectral and spatial information, where
d is different in submodel, and m indicates the number of
spectral bands after the PCA. Each convolutional block con-
tains three CONV layers. The first block has 64 channels, and
then the channel is doubled after every pooling process until
it becomes 256. The last block is followed by a convolutional
layer with a kernel of d/4, thereby, the channel of final layer
is 512. For the convolutional blocks and pooling layers, their
convolutional kernels are 3 × 3 and 2 × 2, respectively, and
the stride are 1 and 2. The architecture is shown in Table I.

In this experiment, the exponential decay is used in the
proposed MCE-SL network. The base learning rate is set as
0.001 and learning rate decay is 0.9. Momentum with 0.99 is
used as optimizer. The regularization parameter is 0.0005,
and 5000 steps are trained in every iteration. The parameter
Pthreshold is set as 0.6. That value can provide richer diversity
in Euclidean distance calculation (z-score normalization is
performed in data preprocess) for more pseudo-labels can
be included. Besides, the introduced error labels caused by
P is also within the tolerance of the model, and do not
have a negative effect on the results. The N, representing the
maximum number of new selected samples for each category,
is set as 30. It should be noted that the actual number of
specific selections is automatically calculated by Euclidean
distance. In addition, five bands are reserved in the two test
images after PCA.
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TABLE I

ARCHITECTURE OF THE VGG LIKE NET, WHERE d IS THE SIZE OF PACTH, n IS THE NUMBER OF CLASSES

Multiscale patch used as the input of corresponding sub-
model for the spatial information they contain is different,
the diversity will bring on model variance, and it is helpful.
The variance mainly expressed as the classification accuracy of
the same class is different in different scales, so that the supe-
rior performance of one submodel on one class compensates
for the other models. As pointed by Haut et al. [13], the larger
size of spatial patch can characterize more spatial-contextual
information around each pixel. In our experiments, patches
with sizes of [15, 17, 19, 21, and 23] are used as input
data. After the training process, the model with a patch size
of 23 is utilized as the final test model since it can obtain more
spatial-contextual information, and get a better performance in
classification.

C. Experimental Results

To illustrate the performance of the proposed method,
the MCE-SL is compared with several traditional meth-
ods: SVM [2], deformable HSIs classification networks
(DHCNet) [22], and the proposed baseline VGG-like network
(3D-CNN). Meanwhile, another two spectral-spatial based
semisupervised methods, i.e., the logistic regression via vari-
able splitting and augmented Lagrangian (LORSAL) classifier
with AL (LORSAL-AL) [8], RW-based AL and semisuper-
vised learning (SSL) framework (RWASL) [17], are also used
as a comparison. In all experiments, the parameters of the
comparison method remained unchanged. The overall accuracy
(OA), average accuracy (AA), class accuracy (CA) and the
Kappa statistic (k) are adopted as the measurement index. All
the results listed in Tables II and III are the average values of
5 Monte Carlo runs.

Table II shows the classification accuracy of the comparison
experiments on the Pavia data set, in which 50% samples
of each class are randomly selected as the testing set. Five
samples per class are randomly chosen from another 50%
samples, and adopted as the initial training set, while the
candidate set consists of the remaining ground truth samples.

The results reported in Table II show that all semisu-
pervised methods including LORSAL-AL and RWASL can
get much higher accuracy than the supervised method given
the same number of samples, which is attributed to the
self-improvement ability of SSL. On the other hand, our
method also has obvious advantages over the other two semi-
supervised methods. On Pavia, the OA increased by 9.97%
and 1.2%, respectively. From the above two perspectives, it can
be concluded that our method not only effectively solves the
problem that requires large amount of data, but also achieves
more accurate classification compared with other two methods.
Fig. 2(c) shows the classification result obtained from the
proposed method.

TABLE II

CLASSIFICATION ACCURACY (%) WITH DIFFERENT METHODS IN PAVIA

DATA SET, WHERE FIVE SAMPLES OF EACH CLASS ARE SELECTED
RANDOMLY. THE VALUES IN THE PARENTHESES REFER

TO THE AVEDEV OF THE ACCURACY

TABLE III

CLASSIFICATION ACCURACY (%) WITH DIFFERENT METHODS IN

HOUSTON DATA SET, WHERE FIVE SAMPLES OF EACH CLASS

ARE SELECTED RANDOMLY. THE VALUES IN THE
PARENTHESES REFER TO THE AVEDEV

OF THE ACCURACY

Fig. 4 describes the changes of OA of the three semi-
supervised methods with the increase of iterations in Pavia
(It should be noted that the RWSAL only presents 10 times
but 16 times are iterated actually). It is obvious that the
performance of the proposed MCE-SL improves greatly within
fewer iterations, and eventually has a higher accuracy. There-
fore, the application of multiscale patch do provide richer
spatial information, and the majority voting also improves the
confidence of pseudo-label.

Table IV shows the number of pseudo-samples required
to obtain the classification accuracy in Table II. As can be
seen, LORSAL-AL achieved an OA of 89.2% under the
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TABLE IV

NUMBER OF PSEUDO-SAMPLES REQUIRED TO OBTAIN THE
CLASSIFICATION ACCURACY IN TABLE II

Fig. 4. Effect of number of iterations on the classification accuracy of
different methods in Pavia. Where 545, 295, and 2745 new samples are added
in end for LORSAL-AL, RWASL, MCE-SL, respectively.

newly added 500 samples. RWASL achieved a good result
of 98.29% with less than 300 samples. We increase the
number of newly added samples of RWASLs to 2100 (obtained
by active-learning and self-learning) within the iterations
of 20 times, and the OA is improved to 99.13%. It also
can be seen from the table that our method achieves the
highest accuracy with the most number of samples. The newly
increased samples of the other two methods are manually set,
while that in our method is completely automatic. Under the
condition that ensuring accuracy, we can obtain more samples
in one iteration, which is an advantage of our method.

The size of land cover in Houston is relatively smaller
compared with Pavia data set, but our multiscale method still
achieves good results. It can be seen from Table III that
compared with LORSAL-AL and RWASL, the MCE-SL has
a significant improvement in OA, with an increase of 11.5%
and 10.33%, respectively. In addition, the average devia-
tion (AVEDEV) of MCE-SL is smaller in all metrics, which
reflects the stronger stability of our method. The classification
map is shown in Fig. 3(c). Furthermore, our method performs
well on two different data sets, indicating that the model has
superior generalization.

IV. CONCLUSION

In this letter, the proposed MCE-SL method was intro-
duced. Given a few labeled samples with multiscales spatial
information, the trained classifier can automatically select the
most useful unlabeled samples to enrich the training set, and
promote the behavior of the model progressively. Experiments
conducted on two real HSI data sets indicate that the proposed

method can achieve higher classification accuracy compared
to other well-known classifiers.
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