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Abstract— The deep convolutional neural network (CNN) is of
great interest recently. It can provide excellent performance in
hyperspectral image classification when the number of training
samples is sufficiently large. In this paper, a novel pixel-pair
method is proposed to significantly increase such a number,
ensuring that the advantage of CNN can be actually offered.
For a testing pixel, pixel-pairs, constructed by combining the
center pixel and each of the surrounding pixels, are classified
by the trained CNN, and the final label is then determined by a
voting strategy. The proposed method utilizing deep CNN to learn
pixel-pair features is expected to have more discriminative power.
Experimental results based on several hyperspectral image data
sets demonstrate that the proposed method can achieve better
classification performance than the conventional deep learningbased method.
Index Terms— Convolutional neural network (CNN), deep
learning, feature extraction, hyperspectral imagery, pattern
classification.

I. I NTRODUCTION
YPERSPECTRAL imagery consists of hundreds of narrow contiguous wavelength bands carrying a wealth of
spectral information. Taking advantage of the rich spectral
information, classification using hyperspectral data has been
developed for a variety of applications [1]–[6], such as landuse land-cover mapping, mineral exploration, water pollution
detection, etc.
Among numerous classification methods, k-nearest neighbor (k-NN) [7], [8] can be viewed as the simplest classifier that employs the Euclidean distance to measure the
similarity between a testing sample and available training
samples. Support vector machine (SVM) [9], [10] is an
efficient and stable method for hyperspectral classification
tasks, especially for the small training sample sizes. An SVM
seeks to separate classes by learning an optimal decision
hyperplane that best separates the training samples in a
kernel-induced high-dimensional feature space. In [11], oneagainst-one with decision fusion enables the use of binary
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kernel local Fisher discriminant analysis [12] for multiclass
classification. Some other state-of-the-art pixelwise classifiers,
such as relevance vector machine [13] and extreme learning
machine (ELM) [14], [15], have been investigated to improve
the performance.
Recently, deep learning-based methods have drawn increasing attention in remote sensing image analysis [16], [17].
In [18], an effective deep network was designed for scene classification, which explores the saliency features in the remote
sensing scenes for networks construction. Zhang et al. [19]
systematically survey the general way to construct deep networks for remote sensing images and is the first attempt
to evaluate the performance of all the state-of-the-art deep
learning methods on remote sensing images. In [20], a deep
learning architecture with multilayer stacked autoencoder was
proposed to extract high-level features in an unsupervised
manner using hyperspectral images. In [21], spectral–spatial
features were obtained via deep belief network and the classification procedure was implemented by logistic regression.
In [22], spatial updated deep autoencoder was presented to
extract spectral–spatial information by adding a regularization
term in the energy function. Furthermore, convolutional neural
network (CNN) [23] was employed to exploit deep representation based on spectral signatures and the performance
proved to be superior to that of SVM; unsupervised sparse
features were learned via deep CNN in a greedy layerwise
fashion for pixel classification in [24]; and CNN was utilized
to automatically find spatial-related features at high levels from
a subspace after local discriminant embedding [25].
In this paper, a novel classification framework based on
pixel-pair features (PPFs) learned by deep CNN is proposed.
In the proposed method, training samples are first paired with
any two selected samples using the following criteria—a pair
of samples from the same class is labeled with no change while
that of samples selected from different classes is labeled as 0.
For the training procedure, paired samples with new labels
are fed into deep CNN, whose architecture is well designed;
during the testing process, for each testing pixel, neighboring
pixel-pairs constructed using its surroundings are classified by
the trained CNN, and the final label is then determined via a
voting strategy based on joint classification results. The reason
we chose deep CNN is due to the fact that CNN has been
proved to effectively classify hyperspectral data after building
an appropriate layer architecture [23]–[25].
For CNN-based feature extraction or classification
tasks [23]–[25], the common approach is to learn object
features directly from an original hyperspectral data set.
A deep model used in this pipeline needs enormous amounts
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Fig. 1.
PPFs.
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Flowchart of the proposed classification framework based on deep

of training data for tuning a large number of parameters.
However, often only a few labeled samples of hyperspectral
data are available in practice. To solve this issue, the proposed
framework operates on pixel-pair model where a new data
combination is constructed via pairing with any two selected
samples from the available labeled data and the data entry is
relabeled. In doing so, the amount of input data for training
exhibits quadratic growth, ensuring the setting of well-tuned
parameters. Furthermore, the proposed method fully utilizes
the internal correlation of neighbors in hyperspectral imagery,
which is ignored by the original CNN.
The main contributions of this paper can be summarized as
follows.
1) Deep-learning models are usually heavily parameterized
and enormous amounts of training data are required to
ensure the performance; however, through reorganizing
the available training samples, the proposed pixel-pair
strategy is able to overcome this problem.
2) A deep CNN architecture is designed with multiple
layers, and then employed to learn deep PPFs, which
tend to be more discriminative and reliable.
3) The proposed testing procedure is implemented by a
voting strategy based on the fact that neighboring pixels
belong to the same class with high probability; the
voting fashion that determines the final label makes
classification performance more robust, particularly in
heterogeneous regions.
This paper is organized as follows. In Section II, the
proposed classification framework is described in detail.
In Section III, the experimental results and the corresponding
analysis are presented. Section IV makes some concluding
remarks.
II. P ROPOSED C LASSIFICATION F RAMEWORK
The proposed classification framework illustrated in Fig. 1
mainly includes three steps: organizing a pixel-pair model
using available training samples, constructing a deep CNN
architecture to learn PPFs, and determining the label of a testing sample via a voting strategy based on joint classification
results.
A. Pixel-Pair Model of Training Samples
Consider a hyperspectral data set with M labeled samples
M in an Rd×1 feature space and class
denoted as X = {xi }i=1

Fig. 2. Process of organizing a pixel-pair model using available training
samples. Note that for the (C + 1)th class, samples can be chosen from any
two different classes.

labels yi ∈ {1, 2, . . . , C}, where d is the number of bands and
C is the number of classes. Let m l be the
 Cnumber of available
labeled samples in the lth class, and
l=1 m l = M. In the
pixel-pair model, a combined set of two training samples is
expressed as Si j = [xi x j ], where xi and x j are two selected
samples from X. The label of Si j is defined using the following
criteria: if the two samples are from the same class, the label
of Si j does not change; if the two samples are from different
classes, the label of Si j is set to be 0. That is

l, if yi = y j = l
Label(Si j ) =
(1)
0, if yi = y j .
Note that the new set of labeled samples Xnew = {Si j }i,Mj =1
has C + 1 classes with Si j ∈ Rd×2 . Fig. 2 illustrates the
process of constructing Xnew in C + 1 classes. For the
lth class (l = 1, 2, . . . , C), the number of pairs (denoted
as nl ) can be calculated using all permutations (the order is
relevant), n l = P2ml = (((m l )!)/((m l − 2)!)). For the class
with Label(Si j ) = 0, nl (i.e., l = C +1) is larger since samples
can be chosen from any two different classes; however, to keep
data balanced, only an approximately equal number of pairs
is determined.Thus, the number of total samples in Xnew is
C+1
calculated as
l=1 n l , which is much larger than the original
size M.
B. Feature Extraction Using CNN Architecture
After obtaining the input samples, a deep CNN architecture is used to extract PPFs, as illustrated in Fig. 3.
CNNs represent feedforward neural networks that consist of
various combinations of convolutional layers, max-pooling
layers, and fully connected layers, and exploit spatially local
correlation by enforcing local connectivity between neurons in
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Fig. 3. PPF extraction from a deep CNN architecture with convolutional layers and max-pooling layers. Input data are the pairs of available training
samples (assume d = 200).

adjacent layers. The designed CNN architecture contains ten
learnable convolutional layers, three max-pooling layers, and
rectified linear unit (ReLU) layers [26] after each convolutional layer. Following are the details of the proposed
framework.
Assume the input dimensionality d = 200. The first convolutional layer (C1) primarily filters the 2 × 200 × 1 prepared
data with ten 1 × 9 × 1 kernels, producing a 2 × 192 × 10
tensor (i.e., 192 = 200 − 9 + 1, without padding). The second
layer (C2) combines the features obtained in the C1 layer with
ten 2 × 1 × 10 kernels, resulting in a 1 × 192 × 10 tensor. The
tensor obtained in the C2 layer mainly measures the similarity
between the PPFs. A convolutional layer is usually followed
by a pooling layer. In order to produce high-level features,
the network goes deeper with more convolutional layers and
pooling layers.
The following layers include 1 × 3 convolutional layers,
max-pooling layers, and ReLU. A pooling layer is added on
top of the convolution layer to compute a lower resolution
representation of the convolution layer activations through
subsampling. In Fig. 3, the third layer (C3) filters the tensor
with ten 1 × 3 × 10 kernels (for numerical consideration),
producing the tensor with the same shape as the C2 layer,
then a 1 × 3 max-pooling layer is used to reduce the spectral
dimension. It is worth mentioning that two 1 ×3 convolutional
layers are used instead of one 1 × 5 layer in order to
increase the nonlinearity of the model and reduce the number of parameters [26]. Furthermore, the number of features
is doubled after each pooling layer (e.g., there are twenty
1 × 3 × 10 convolutional kernels in the C4 layer, generating

a 1 × 62 × 20 tensor). There are three pooling layers in the
model with kernel sizes 1 × 3, 1 × 2, and 1 × 2, respectively.
A 1 × 2 max-pooling is adopted instead of 1 × 3 kernel to
preserve more information as the deeper the layer is, the more
the useful features used for the following classification.
In the designed deep CNN architecture, three are three maxpooling layers used to reduce the spectral dimensionality. Once
the spectral dimension is reduced to a desired value (e.g., 13),
the C8 tensor is fed into two fully connected layers (i.e.,
FC1 and FC2). The fully connected layer in a traditional
neural network is transformed into a convolutional layer in
the proposed architecture, e.g., eighty 1 × 13 × 40 kernels
are operated on the C8 layer to form a 1 × 1 × 80 tensor.
To be used for classification, the chain of the CNN architecture
ends in a fully connected network with softmax and label
information (layer).
Similar to the traditional neural network, the training
process of CNN contains two steps: forward-propagation and
back-propagation. The former aims at computing the classification performance of the input data with current parameters,
while the latter is employed to update the trainable parameters.
In Fig. 3, suppose d = 200, C = 9, and 200 training
samples per class are available. The total number of trainable
parameters in the designed architecture can be estimated to be
approximately 50 000, which is much larger than that of all
the training data (i.e., 9 × 200 = 1800); however, based on the
proposed pixel-pair model, the number of input pairs for the
network becomes 398 000 (i.e., 200 × 199 × 10). This example
verifies that the pixel-pair model can generate sufficient input
data to learn the parameters in the CNN architecture.
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Fig. 4.

847

Joint classification with voting strategy based on deep PPFs.

C. Joint Classification With Voting Strategy
In hyperspectral imagery, neighboring pixels tend to belong
to the same class with high probability, which inspires us
to build a joint classification with voting strategy during the
testing process. For a testing pixel, we also construct pixelpairs with surrounding samples, which are then fed into the
trained CNN architecture as illustrated in Fig. 4. The output
of neural network is a tensor with C +1 dimensionality, where
each row means the probability scores of each pair belonging
to these classes (i.e., classes with label from 0 to C, and
class C + 1 with label 0 will not be considered further).
In Fig. 4, a block window is employed to neighboring pixels
(the size can be 3 × 3, 5 × 5, 7 × 7, etc.), and we take 3 × 3 for
example. The center pixel is expressed as T ; thus, there are
eight pairs (i.e., {T, 1}, {T, 2}, . . . , {T, 8}) fed into CNN. The
output of the network is an 8 × (C + 1) matrix with scores.
Because the first column exhibits pairs of two samples from
different classes (the label of pairs is 0), it can be removed.
After dropping the first column, the resulting 8 × C matrix is
followed by a softmax layer, yielding an 8 × 1 vector, which
indicates the labels for all the pairs. Subsequently, the final
label of the center pixel is determined with majority voting
strategy based on the 8 × 1 vector.
Fig. 5 illustrates an example of joint classification using
neighboring pixels in a 3 × 3 window. The pair label matrix
demonstrates the results after the softmax process, and the final
label of the central testing pixel (i.e., T ) can be determined
via a majority voting strategy. It is worth mentioning that if
the window-size is changed to 5 × 5, there will be 24 pairs
for decision.
III. E XPERIMENTAL R ESULTS
For the proposed deep CNN with pixel-pair features
(denoted as CNN-PPF), all the programs are implemented

Fig. 5.

Example of joint classification with a 3 × 3 window.
TABLE I
N UMBER OF T RAINING AND T ESTING S AMPLES
U SED IN THE I NDIAN P INES D ATA S ET

using Python language and TensorFlow1 library. TensorFlow
is an open source software library for numerical computation
using data flow graphs. Computation can be easily deployed
to one or more CPUs or GPUs with TensorFlow.
1 http://tensorflow.org/
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TABLE II

TABLE VI

N UMBER OF T RAINING AND T ESTING S AMPLES
U SED IN THE S ALINAS D ATA S ET

C LASS -S PECIFIC A CCURACY (%) AND OA OF D IFFERENT
T ECHNIQUES FOR THE I NDIAN P INES D ATA

TABLE VII
C LASS -S PECIFIC A CCURACY (%) AND OA OF D IFFERENT
T ECHNIQUES FOR THE S ALINAS D ATA
TABLE III
N UMBER OF T RAINING AND T ESTING S AMPLES U SED
IN THE U NIVERSITY OF PAVIA D ATA S ET

TABLE IV
C LASSIFICATION (%) P ERFORMANCE OF D IFFERENT N UMBERS
OF F EATURES AND W INDOWS -S IZE U SING THE
U NIVERSITY OF PAVIA D ATA
TABLE VIII
C LASS -S PECIFIC A CCURACY (%) AND OA OF D IFFERENT
T ECHNIQUES FOR THE U NIVERSITY OF PAVIA D ATA

TABLE V
C LASSIFICATION A CCURACY (%) W ITH AND W ITHOUT F ULLY
C ONNECTED L AYER U SING THE U NIVERSITY OF PAVIA D ATA

A. Experimental Data
Three hyperspectral data,2 including Indian Pines, Salinas,
and University of Pavia scenes, are employed to evaluate
the effectiveness of the proposed CNN-PPF. For all the data,
we randomly select 200 labeled pixels per class for training
and all the other pixels in the ground-truth map for testing.
Development data are derived from the available training data
2 http://www.ehu.eus/ccwintco/index.php?title=Hyperspectral_Remote_
Sensing_Scenes

by further dividing them into training and testing samples for
tuning the parameters of the proposed method. Furthermore,
each pixel is uniformly scaled to the range of 0–1.
The Indian Pines data set was gathered by the Airborne
Visible Infrared Imaging Spectrometer (AVIRIS) sensor in
northwestern Indiana. There are 220 spectral channels in the
0.4–45 µm region of the visible and infrared spectrum with a
spatial resolution of 20 m. There are 16 different land-cover
classes in the original ground truth; however, only 9 classes
are used in this paper so as to avoid a few classes that have
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TABLE IX
S TATISTICAL S IGNIFICANCE F ROM THE S TANDARDIZED
McNemar’s T EST A BOUT THE D IFFERENCE
B ETWEEN M ETHODS

Fig. 6. Thematic maps resulting from classification for the Indian Pines
data set with nine classes. (a) Pseudocolor image. (b) Ground-truth map.
(c) SVM: 88.26%. (d) ELM: 87.33%. (e) CNN: 86.44%. (f) CNN-PPF:
94.34%.

very few training samples [27]. The numbers of training and
testing samples are listed in Table I.

Fig. 7.
Thematic maps resulting from classification for the Salinas
data set with 16 classes. (a) Pseudocolor image. (b) Ground-truth map.
(c) SVM: 92.85%. (d) ELM: 92.42%. (e) CNN: 89.72%.
(f) CNN-PPF: 94.80%.

The second data were also collected by the AVIRIS sensor over Salinas Valley, California. The image comprises
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Fig. 8. Thematic maps resulting from classification for the University of
Pavia data set with nine classes. (a) Pseudocolor image. (b) Ground-truth
map. (c) SVM: 90.62%. (d) ELM: 89.86%. (e) CNN: 92.27%. (f) CNN-PPF:
96.48%.

512 × 217 pixels with a spatial resolution of 3.7 m and
204 bands after 20 water absorption bands are removed.
It mainly contains vegetables, bare soils, and vineyard fields.

Fig. 9. Classification performance of methods with different numbers of
training sample sizes using the experimental data sets. (a) Indian Pines data.
(b) Salinas data. (c) University of Pavia data.

There are also 16 classes, and the number of training and
testing samples are listed in Table II.

LI et al.: HYPERSPECTRAL IMAGE CLASSIFICATION USING DEEP PPFs

The University of Pavia data set was collected by the
reflective optics system imaging spectrometer sensor. The
image scene, with 610 × 340 pixels covering the city of
Pavia, Italy, was collected under the HySens project managed by DLR (the German Aerospace Agency). The data
set has 103 spectral bands prior to waterband removal.
It has a spectral coverage from 0.43 to 0.86 µm and a
spatial resolution of 1.3 m. Approximately 42 776 labeled
pixels with nine classes are from the ground-truth map,
and the numbers of training and testing samples are listed
in Table III.

B. Parameter Tuning
Except weights that can be automatically learned during training, there are several other important parameters
in the designed CNN architecture, such as learning rate,
dimensionality of features, and window size. Learning rate
determines the convergence speed in the procedure of backpropagation [23], [28], which can significantly affect the
training performance. In practical implementation, we initially
set the learning rate as 0.1 and decrease it by dividing 10
if the learning curve fluctuates too much. According to our
empirical study, the best learning rate is 0.001, 0.01, and 0.001
for the Indian Pines, University of Pavia, and Salinas data,
respectively. Take the University of Pavia data for example,
we test various learning rate, i.e., 0.1, 0.01, 0.001, and
the corresponding accuracies (%) are 1.8, 95.91, and 91.00,
respectively. It is found that a large learning rate (e.g., 0.1) may
reduce the classification accuracy or even make the network
diverge.
In the framework of CNN, the number of features determines the dimensionality of the extracted PPFs in the convolutional layer (C1) as shown in Fig. 3. Furthermore, the
window size during testing can affect the final classification
accuracy as indicated in Fig. 4. Take the University of Pavia
for example, Table IV demonstrates the effect of the number
of features and the size of the voting window, which shows
that the best number of features is 10. When the window size
is 5 × 5 or 7 × 7, the performance seems to be very close,
while the latter may cause a higher computational cost; thus,
5 × 5 is chosen to be the optimal window size. According
to experiments, the optimal window size is 5 × 5 for both the
other data, and 10 and 17 are chosen to be the optimal number
of features for the Indian Pines and Salinas data, respectively.
Note that in Fig. 3, the C8 tensor is fed into two fully
connected layers (FC1 and FC2) rather than being connected
with the final label layer. Although the fully connected layers
increase the number of parameters, we find the fully connected
layers still help, at least in the proposed CNN architecture.
Table V demonstrates the classification performance as a
function of different window sizes with (i.e., wi th FC) and
without (i.e., wi thout FC) fully connected layers using the
University of Pavia data. It is obvious that the results of
wi th FC are always better than those of wi thout FC, which
verifies the need for employing fully connected layers in the
proposed framework.
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C. Classification Performance
To demonstrate the effectiveness of the proposed CNN-PPF,
we compare with several traditional classifiers, such as
k-NN, SVM, ELM [14], [15], CNN [23], and multiple classifier systems based on SVM and random feature selection (SVM-RFS) [29]. For a fair comparison with CNN, the
number of training and testing samples is exactly the same
as [23]. SVM with radial basis function kernel is implemented
using the libsvm toolbox.3 ELM is downloaded from the Web
page.4 All the classifiers are operated with optimal parameters.
Tables VI–VIII list the class-specific accuracy and overall
accuracy (OA) for these three experimental data. From the
results of each individual method, the proposed CNN-PPF is
obviously superior to CNN and all the other classifiers. For
example, in Table VI, CNN-PPF (i.e., 94.34%) yields over 8%
higher accuracy than CNN (i.e., 86.44%), and approximately
6% accuracy higher than SVM (i.e., 88.26%). Especially for
some classes, such as Corn-mintill and Soybean-mintill, the
class-specific accuracy of the proposed CNN-PPF is even
approximately 11% higher than that of CNN. The similar
situations happen to the other two experimental data.
The standardized McNemar’s test [30] is employed to
demonstrate the statistical significance in accuracy improvement of the proposed CNN-PPF as listed in Table IX.
The Z values of McNemar’s test larger than 1.96 and
2.58 mean that two results are statistically different at the
95% and 99% confidence levels, respectively. The sign Z
indicates whether classifier 1 outperforms classifier 2 (Z > 0)
or vice versa. In the experiment, we design the comparison
between CNN-PPF and four other methods, i.e., SVM-RFS,
ELM, SVM, and k-NN. In Table IX, all the values are much
larger than 2.58, which confirms that the proposed CNN-PPF
can significantly outperform these traditional methods.
Figs. 6–8 show the thematic maps. We produced groundcover maps of entire image scenes (including unlabeled
pixels). However, to facilitate comparison between methods,
with ground truth are shown in these maps. These maps are
consistent with the results listed in Tables VI–VIII, respectively. Some areas in the classification maps produced by
the proposed CNN-PPF are obviously less noisy than those
of SVM, ELM, and CNN, e.g., the regions of Meadows
in Fig. 8. Actually, the visual results are consistent with those
in Tables VI–VIII.
Fig. 9 illustrates the classification performance with different numbers of training samples. Usually, the number of
training samples available may be insufficient to estimate models for each class in practical situations, which is necessary to
investigate the sensitivity of the training sizes. As shown in
Fig. 9, the number of training samples per class is changed
from 50 to 200 with an interval of 50. From the results,
CNN-PPF still consistently performs better than the three
other methods, i.e., SVM-RFS, SVM, ELM, and CNN. For
example, CNN-PPF always has an 8% improvement compared
with CNN for the Indian Pines data in Fig. 9(a), which
verifies that the pixel-pair method works well. Actually, the
3 http://www.csie.ntu.edu.tw/~cjlin/libsvm/
4 http://www.ntu.edu.sg/home/egbhuang/elm_codes.html
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TABLE X
E XECUTION T IME (h: H OURS ; s: S ECONDS ) OF T RAINING AND T ESTING
P ROCEDURES IN THE T HREE E XPERIMENTAL D ATA S ETS

reasons can be summarized as follows: 1) sufficient input data
guarantees the network parameters to be well-tuned; 2) deep
CNN learns PPFs with more discriminative power; and 3) the
voting procedure further ensures the accuracy and reliability.
Table X summarizes the computational complexity of training and testing procedures using the original CNN [23] and
the proposed CNN-PPF. All the experiments were carried out
using a PC equipped with a single QUADRO K2200 GPU.
Note that the execution time of CNN is much less than that
of CNN-PPF for both the training and testing procedures. For
the training procedure, the reasons can be that the number of
convolutional layers and fully connected layers in the former
is less than that of the latter; furthermore, the size of input
data (to the network) of the former is much smaller than that
of the latter (numerical analysis can be found in Section II-B).
In the testing procedure, CNN-PPF is more time-consuming
due to the computational burden of joint classification based
on pixel-pair model.
IV. C ONCLUSION
In this paper, a CNN-based classification framework based
on deep PPFs was proposed. The pixel-pair model is to exploit
the similarity between pixels and ensure a sufficient amount
of input data to learn a large number of parameters in the
CNN, including ten learnable convolutional layers and three
max-pooling layers. In the testing procedure, the surrounding
pixels were combined with the central testing pixel to fit
the pixel-pair model, and the final label was determined
via a majority voting strategy. The experimental results with
real hyperspectral images demonstrated that the proposed
CNN-PPF can greatly improve the performance of the original
CNN, even with a small number of training samples with the
sacrifice of increased computational cost.
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