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Abstract— Recently, deep learning has been introduced to
classify hyperspectral images (HSIs) and achieved good per-
formance. In general, deep models adopt a large number of
hierarchical layers to extract features. However, excessively
increasing network depth will result in some negative effects
(e.g., overfitting, gradient vanishing, and accuracy degrading)
for conventional convolutional neural networks. In addition,
the previous networks used in HSI classification do not consider
the strong complementary yet correlated information among
different hierarchical layers. To address the above two issues,
a deep feature fusion network (DFFN) is proposed for HSI
classification. On the one hand, the residual learning is introduced
to optimize several convolutional layers as the identity mapping,
which can ease the training of deep network and benefit from
increasing depth. As a result, we can build a very deep network
to extract more discriminative features of HSIs. On the other
hand, the proposed DFFN model fuses the outputs of different
hierarchical layers, which can further improve the classification
accuracy. Experimental results on three real HSIs demonstrate
that the proposed method outperforms other competitive classi-
fiers.

Index Terms— Convolutional neural networks (CNNs), feature
fusion, hyperspectal image classification, residual learning.

I. INTRODUCTION

HYPERSPECTRAL images (HSIs) are usually composed
of several hundreds of spectral bands spanning from the

visible spectrum to infrared spectrum. In HSIs, each pixel can
be represented by a high-dimensional vector, whose entries
correspond to the spectral reflectance in a specific wavelength.
With the rich spectral information, HSIs have been applied
in many fields, such as military [1], agriculture [2], and
environment monitoring [3].

In the last decades, the HSI classification, assigning pixels to
one specific class based on their spectral characteristics, has
become a very active research topic in the remote sensing.
A large number of methods (e.g., neural networks [4], support
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vector machines (SVMs) [5], multinomial logistic regres-
sion [6], [7], and active learning [8]) have been developed to
build pixelwise-based classifiers for analyzing HSIs. In gen-
eral, although these classifiers make full use of spectral
information of HSIs, the obtained classification maps are still
noisy, since the spatial contexts are not considered. More
recently, many spectral–spatial features-based classification
frameworks are proposed, which incorporate the spatial–
contextual information into the pixelwise classifiers [9]. For
instance, Benediktsson et al. [10], [11] utilize multiple mor-
phological operations to construct spectral–spatial features of
HSIs. Multiple kernel learning (e.g., composite kernel [12]
and morphological kernel [13], [14]) based on spectral–spatial
information is designed to improve the SVM classifier. Sparse
presentation, as a powerful signal processing tool, is also
introduced to analyze and process HSIs [15]–[21]. The sparse
method is based on the observation that hyperspectral pixels
can usually be represented by a linear combination of a few
common pixels from the same class. Then, the contextual and
spectral information of HSIs within a neighboring region is
incorporated into a sparse model. In [22]–[24], spatial consis-
tency is explored by segmenting HSIs into multiple superpixels
based on the similarity of either intensity or texture. In [25],
edge-preserving filtering (EPF) is proposed as a postprocessing
technique to optimize the probabilistic results of the SVM.

Recently, the deep learning (DL), which is a powerful
feature extraction technique, has made great breakthrough
in many fields (e.g., image classification [26], [27], object
detection [28], [29], and natural language processing [30]).
Motivated by these successful applications, a few attempts
based on the DL have been applied to analyze remote sensing
images [31]–[48]. Chen et al. [37] propose a deep archi-
tecture composed of multilayer stacked autoencoders (SAEs)
to extract spectral–spatial features of the HSIs, and then the
learned features are processed by logistic regression to achieve
classification. In [38] and [39], some improved deep networks
based on autoencoder are also proposed for HSI classification.
Specifically, a spatial updated deep auto-encoder is proposed
to consider sample similarity by adding a regularization term
in the energy function [38]. Liu et al. [39] combine the
stacked denoising autoencoders and superpixel-based spatial
constraints to obtain an improvement in classification perfor-
mance. In addition, a deep belief network (DBN), as another
deep model, is also proposed for HSI classification [41], [42].
Even though the aforementioned deep models can effectively
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extract deep features to boost discrimination among different
classes, the way of transforming the input into 1-D vector
actually cannot make full use of spatial information of HSIs.
Very recently, the convolutional neural network (CNN)-based
HSI classification methods are developed to solve the above-
mentioned problem. In [43], a CNN-based spatial–spectral
feature extraction framework is proposed to directly process
the small cubes of HSIs. In [46], the deep pixel-pair features
are extracted via the CNN by combining the center pixel
and its surrounding pixels, which can increase the number
of training samples. In [48], the spatial and spectral features
of HSIs are extracted by the CNN and the balanced local
discriminative embedding algorithm, respectively. In general,
the network depth is of crucial importance for many visual
recognition tasks, especially for processing HSIs with very
complex spatial–spectral characteristics. However, excessively
increasing depth will bring some negative effects (e.g., overfit-
ting, gradient vanishing, and accuracy degrading) for the con-
ventional CNN. Due to this reason, the previous networks used
in HSI classification only adopt several convolutional layers
(e.g., three, ten, and three convolutional layers for [43], [46],
and [48], respectively), and thus, the deeper discriminative fea-
tures cannot be sufficiently extracted. In addition, considering
that the network is composed of multiple hierarchical layers,
the strong complementary yet correlated information among
different hierarchical layers is not exploited in previous works.

In this paper, we propose a novel deep feature fusion
network (DFFN) to classify HSIs. Different from the pre-
vious networks used in HSI classification, we introduce the
residual learning [49] to optimize several convolutional layers
as the identity mapping, which can ease the training of a
deep network and benefit from increasing depth. With the
help of residual learning, we build a very deep network to
extract more discriminative features of HSIs for classification.
Furthermore, considering that the different layers can extract
features of different scales that can provide complementary
yet correlated information for classification, we further adopt
a fusing mechanism to make full use of the multiple-layer
features.

The remainder of this paper is organized as follows.
Section II reviews the CNN and the related HSI classification
method. Section III introduces the proposed network for the
HSI classification. The experiments conducted on three real
HSIs are shown in Section IV. Section V concludes this paper
and suggests some future works.

II. RELATED WORKS

A. CNN

Instead of manually designing features, the deep networks
can automatically learn high-level features with the way of
layerwise representation. Compared with the other deep mod-
els (e.g., the DBN [50] and the SAE [51]), the CNN can
directly process 2-D inputs, which can reserve spatial structure
of images. A CNN mainly consists of a stack of alternating
convolution layers and pooling layers with a number of fully
connected layers. The convolutional layers first extract features
in a way of filtering. Then, the pooling layers reduce the
size of feature maps created by the convolutional layers to

generate more general and abstract features. Finally, several
fully connected layers are used to generate the final deep
features. Each component is described as follows.

1) Convolutional Layers: Convolutional layers are the most
important parts of the CNN. By stacking multiple convo-
lutional layers, the CNN can extract high-level and robust
features. At each convolutional layer, all feature maps of the
previous layer are convolved with filters, creating multiple
output maps. Let X be the input of a convolutional layer and
its size is M × N × C , where M × N refers to spatial size
of X, C is the number of channels, and xi is the i th feature
map of X. Supposing that the convolutional layer has k filters
denoted as W and the bias parameter is b, the j th output of
convolutional layer can be represented as follows:

z j =
C∑

i=1

σ(xi ∗ w j + b j ), j = 1, 2, . . . , k (1)

where w j and b j are the j th component of W and b, respec-
tively, the operator ∗ represents discrete convolution operation,
and σ refers to activation function, which is utilized to improve
the nonlinearity of network. Recently, ReLU [26] is the
mostly used activation function due to the fast convergence,
which is denoted as

σ(x) = max(0, x). (2)

2) Pooling Layers: As the abundant redundancy informa-
tion exists in images, it is common to periodically insert a
pooling layer after several convolutional layers in the CNN.
The pooling operation progressively reduces the spatial size
of the feature maps, which actually reduces the amount of
parameters and computation of the network. By applying
convolutional and pooling layers, the size of feature maps
becomes smaller and the representation of extracted features
becomes more abstract. Specifically, for a P × P window
denoted as S, the averaging pooling operation can be denoted
as

z = 1

T

∑

(i, j )∈S

xi j (3)

where T is the number of elements of S and xi j is the
activation value corresponding to the position (i, j).

3) Fully Connected Layers: Fully connected layers are used
to combine all features of the previous layer by reshaping them
into a n-dimension vector (e.g., n = 4096 in AlexNet [26]).
Particularly, the number of neurons in the last fully con-
nected layer is equal to number of classes for classification
tasks. Finally, the feature vector is input to the so f tmax ,
an extension of logistic regression, to generate the probability
distribution of outputs.

B. HSI Classification Based on CNN
With the strong ability of extracting features, the CNN has

been recently introduced to classify HSIs [43], [46], [48].
These networks are expected to extract either the spatial–
spectral features from the original HSIs [43] or the spatial-
related features from the first several principal components
of HSIs [48]. Specifically, let X be an HSI with the size of
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Fig. 1. Overall flowchart of HSI classification based on the DFFN. For convenience, the batch normalization, activation layers followed by convolutional
layers, and dimension-matching operation are not given.

M × N ×C , and xk ∈ R
C×1, k = 1, . . . , K be a hyperspectral

pixel, where C and K are the number of spectral bands and
training pixels, respectively. If there are T possible classes in
this HSI, the truth label of xk can be encoded as tk , which is
actually a vector of length T with value “1” at the position of
the correct label and “0” elsewhere. Different from the natural
image classification which inputs the whole images, the HSI
classification based on the CNN uses image patches centered
on labeled pixels as the input samples. Let Yk ∈ RW×W×C

be the image patch centered on xk with the window size
of W × W . Given input samples {Yk, tk}K

k=1, the output of
network can be computed by a series of convolutional, pooling,
and fully connected operations

zk = f (WYk + b) (4)

where f is a composite function of input Yk , which is obtained
by multiple linear and nonlinear operations, and W and b
are the weight and bias parameters of network, respectively.
As mentioned in Section II-A, the so f tmax function is used
to generate the probability distribution of output, which is
denoted as

pk
i = ezk

i

∑T
j=1 ezk

j

, i = 1, . . . , T (5)

where zk
i is the i th value of zk . Based on the predicted and

truth values, the loss function L can be defined as

L = − 1

K

K∑

k=1

T∑

i=1

tk
i logpk

i . (6)

To minimize the loss function, the stochastic gradient
descent (SGD) algorithm is used to solve the network parame-
ters W and b. Once the optimization is completed, the trained
CNN can be used to predict the label of test hyperspectral

pixel x� ∈ X based on the maximum probability pi

Class(x�) = arg max
i=1,2,...,T

pi . (7)

III. PROPOSED DFFN MODEL FOR HSI CLASSIFICATION

Due to the existence of spectral mixing and spatial
variability of spectral signatures, HSIs usually have very com-
plex spatial–spectral characteristics. In general, only several
convolutional layers cannot sufficiently extract more discrim-
inative features of HSIs for accurate classification. However,
excessively increasing network depth will bring some prob-
lems (e.g., overfitting, gradient vanishing, and accuracy
degrading) for the conventional CNN. Besides, considering
that the conventional CNN is composed of multiple hierar-
chical layers, the strong complementary yet correlated infor-
mation among different hierarchical layers is not exploited in
previous works. In this paper, we propose a novel DFFN model
to solve the abovementioned two issues. On the one hand,
by introducing the residual learning [49] to optimize several
convolutional layers as the identity mapping, we build a very
deep network to extract more discriminative features of HSIs
without suffering from degradation of performance. On the
other hand, we further adopt a fusing mechanism to make full
use of the multiple-layer features of network.

In the following, we will describe the whole framework
of HSI classification based on the proposed DFFN. First,
the principal component analysis (PCA) algorithm is per-
formed on hyperspectral data to extract the most informative
components, which can reduce the cost of computation. Then,
training image patches centered on labeled pixels are built
to train the DFFN. Finally, the labels of test pixels can be
predicted by the trained network. Fig. 1 gives the overall
flowchart of HSI classification based on the DFFN. The whole
architecture can be divided into three stages in terms of the
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Fig. 2. Illustration of a residual block.

number of convolutional filters. Specifically, there are 16, 32,
and 64 convolutional filters in stage 1, stage 2, and stage 3,
respectively. Overall, the main procedures of classification are
detailed in the following three steps.

A. Constructing a Very Deep Network
In the first place, we construct a very deep network to

extract more discriminative features of HSIs. Specifically,
the proposed network consists of multiple residual blocks
and each block contains two convolutional layers. Follow-
ing [49], batch normalization [52] is adopted to accelerate
convergence of network after each convolution and before
activation. Fig. 2 gives the illustration of a residual block.
Let F(X) be the original underlying function to be learned
by two convolutional layers, where X denotes the input of
the first layer of residual block. The residual learning actually
attempts to optimize the two convolutional layers as an identity
mapping, which is achieved by using the short connection,
as seen in Fig. 2 (red line). By introducing residual function
G(X) = F(X) − X, the object function from the original
F(X) = X equivalently converts to G(X) = 0. As described
earlier, F(X) can be written by the following form:

F(X) = G(X) + X. (8)

As shown in Fig. 2, G(X) can be computed by twice convo-
lution with X

G(X) = σ(σ(X ∗ W1 + b1) ∗ W2 + b2) (9)

where W1 and W2 are convolutional kernels, b1 and b2 are
trainable bias parameters, and σ refers to the ReLU function.
By stacking multiple residual blocks, the extracted features
become more and more discriminative.

B. Fusing Multiple-Layer Features
In recent years, the idea of feature fusion has been applied

to many visual tasks. Specifically, Long et al. [53] combine
the deep semantic features with shallow appearance features to
produce accurate and detailed segmentations. Chaib et al. [54]
effectively fuse the deep features extracted from the first
and second fully connected layers for the very high-resolution
remote sensing scene classification. In addition, a DL strategy
is presented to fuse multiple semantic cues for complex
event recognition [55]. In this paper, we introduce the feature
fusion mechanism to exploit the strong complementary and
correlated information among different hierarchical layers for
HSI classification.

Considering that different layers may have the different
numbers of feature maps, we use the dimension-matching

function (i.e., linear projection) to ensure they have the same
spectral dimensionality before feature fusion. Specifically,
assume that FL , FM , and FH refer to the outputs of low-level,
middle-level, and high-level layers, respectively, and they have
16, 32, and 64 feature maps, respectively. Then, we can use
64 kernels with the size of 1×1 to convolute them. With such
convolution operation, the numbers of feature maps of FL , FM ,
and FH all become 64. Finally, the feature fusion can be easily
performed with a way of elementwise summation. The whole
process can be represented by the following equation:

z = pooling(g1(FL) + g2(FM ) + g3(FH )) (10)

where z represents the fused features, g1, g2, and g3 are
the dimension-matching function as mentioned above, and
pooling is the global averaging function.

C. Classifying HSIs Based on DFFN

After processing by several fully connected layers, the fused
features are transformed into an output feature vector. Then,
the feature vector is input to a so f tmax layer to calculate the
conditional probabilities of each class. For the feature vector z,
the probability distribution can be denoted as

pi = ezi

∑T
j=1 ezj

, i = 1, . . . , T . (11)

Since the operations of residual learning and feature fusing
are all differentiable, the optimization of DFFN is the same
as the typical CNN [56]. Specifically, the SGD is utilized to
learn the network parameters. Once the deep network is well
trained, the label of an arbitrary test hyperspectral pixel x� can
be determined based on the maximum probability

Class(x�) = arg max
i=1,2,...,T

pi . (12)

IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. Data Sets

In this section, we perform several experiments to verify
the effectiveness of the proposed network on three real HSI
data sets, including the Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) Indian Pines image, Reflective Optics
System Imaging Spectrometer (ROSIS-03) University of Pavia
image, and AVIRIS Salinas image.

The Indian Pines image was captured by the AVIRIS sensor
over the agricultural Indian Pine test site in northwestern
Indiana in 1992. This scene has 220 data channels across the
spectral range from 0.2 to 2.4 μm, and each band is of size
145×145. The image has the spatial resolution of 20 m/ pixel
and it contains 16 ground-truth classes, most of which are
different types of crops. Fig. 3(a) and (b) shows the false color
composite of Indian Pines image and the corresponding ground
truth data, respectively. Before the experiments, 20 water
absorption bands were removed.

The University of Pavia image, which captures an urban area
surrounding the University of Pavia, Pavia, Italy, was recorded
by the ROSIS-03 sensor. The image is of size 610×340×115
with a spatial resolution of 1.3 m/pixel and spectral coverage
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Fig. 3. Indian Pines image. (a) Three-band false color composite. (b) Ground
truth data. (c) Color code.

Fig. 4. University of Pavia image. (a) Three-band false color composite.
(b) Ground truth data. (c) Color code.

ranging from 0.43 to 0.86 μm. Nine classes of interest are
considered for this image. Before the experiments, 12 very
noisy bands were removed. Fig. 4(a) and (b) shows the
color composite of the University of Pavia image and the
corresponding reference data.

The Salinas image was also captured by the AVIRIS sensor
over the area of Salinas Valley, CA, USA, and with a spatial
resolution of 3.7 m/pixel. The image has 224 spectral bands
of size 512 × 217. As with the Indian Pines image, 20 water
absorption bands were discorded. This image has 16 ground-
truth classes. Fig. 5(a) and (b) shows the color composite of
the Salinas image and the corresponding reference data.

B. Compared Methods
The performance of the proposed DFFN is compared with

other methods. These compared approaches are divided into
two kinds of groups: one is based on the conventional machine
learning methods, including the SVM [5], extended mor-
phological profiles (EMPs) [11], EPF [25], and joint sparse

Fig. 5. Salinas image. (a) Three-band false color composite. (b) Ground
truth data. (c) Color code.

representation (JSR) [15]; and the other one is based on DL,
including the SAEs [37], rolling guidance filter and vertex
component analysis network (RVCANet) [47], a deep CNN
(DCNN, a plain network without using residual learning
and feature fusion), and a deep residual network (DRN,
an improved network without using feature fusion) [49]. The
SVM that only utilizes spectral pixels is implemented by using
support vector machines library [57] with a Gaussian kernel.
The other methods explore both spatial and spectral features by
means of different ways. For the EPF and RVCANet, the edge-
preserving filter is adopted to make full use of spatial structure
feature. For the EMP method, the spatial information of HSIs
is exploited by the adoption of the morphological profiles.
As to the JSR, SAE, DCNN, DRN, and DFFN methods,
the spatial information within a fixed-size local region is
utilized by the corresponding technology.

It is worth mentioning that the above three networks, i.e., the
DCNN, DRN, and DFFN, have the similar architecture. The
DCNN is a plain network, which consists of multiple convolu-
tional layers, one pooling layer, and one fully connected layer.
The DRN and the DFFN have introduced residual learning to
optimize the DCNN. In addition, the DFFN has also utilized
feature fusion mechanism to consider multiple-layer features
compared with the DRN.

In our experiments, we empirically choose the network
parameters for the DCNN, DRN, and DFFN. Table I shows
the network architecture on the Indian Pines, University of
Pavia, and Salinas images, respectively. N , S, D, and N f

refer to the number of extracted principal components, the size
of image patches, network depth, and the number of filters,
respectively. For the type of layers, C , P , and FC represent the
convolutional, pooling, and fully connected operations, respec-
tively. The size of all filters is 3 × 3 and the pooling function
is the globally averaging operation. In addition, the training
parameters are also set and keep unchanged on the three
test images. Specifically, the initial learning rate is 0.1 and
then divided by 10 when the error plateaus. These networks
are trained for 2 × 104 iterations and the training minibatch
has a size of 100. We use a weight decay of 0.0001 and a
momentum of 0.9. In order to recover the results of other
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Fig. 6. Classification maps on the Indian Pines data set obtained by (a) SVM [5], (b) SAE [51], (c) EMP [11], (d) EPF [25], (e) JSR [15],
(f) RVCANet [47], (g) DCNN, (h) DRN [49], and (i) DFFN.

TABLE I

ARCHITECTURE OF THE DCNN, DRN, AND DFFN ON THREE TEST

IMAGES. N , S , D , AND N f REFER TO THE NUMBER OF EXTRACTED

PRINCIPAL COMPONENTS, THE SIZE OF IMAGE PATCHES,
NETWORK DEPTH, AND THE NUMBER OF FILTERS,
RESPECTIVELY. FOR THE TYPE OF LAYERS, C , P ,

AND FC REPRESENT THE CONVOLUTIONAL,
POOLING, AND FULLY CONNECTED

OPERATIONS, RESPECTIVELY

methods, the parameters for the SVM are obtained by fivefold
cross validation, and the parameters for the EMP, JSR, EPF,
RVCANet, and SAE are set to the default values in [11], [15],
[25], [47], and [51], respectively.

C. Quantitative Metrics
In order to quantitatively evaluate the performance of

different methods, three objective metrics, i.e., overall accu-
racy (OA), average accuracy (AA), and the Kappa coefficient,
are adopted in these experiments. Specifically, the OA is com-
puted by the ratio between the number of correctly classified
test samples and the total number of test samples. The AA is
the mean of all class accuracies. The Kappa coefficient is

computed by weighting the measured accuracies, which rep-
resents the robust measure of the degree of agreement.

D. Classification Results

The first experiment is conducted on the Indian Pines image.
All labeled pixels are divided into training and test subsets.
Since the SAE requires a large amount of samples to train
parameters of network, the training samples account for about
50% of the whole labeled reference data for the SAE. For the
other methods, about 10% of samples are randomly selected
to train classifiers, and the rest 90% are used as test samples,
as seen in the second column in Table II. Fig. 6 shows
classification maps obtained by different approaches. As can
be observed, the SVM obtains poor classification performance
and exhibits very noisy estimations in its classification map,
since it does not consider the spatial information. In con-
trast, the other methods deliver smoother appearance in their
results by combining spatial and spectral information. In gen-
eral, the visual performances obtained by DL-based methods
(e.g., the RVCANet, DCNN, DRN, and DFFN) are better than
that of the compared conventional machine learning methods
(e.g., the SVM, EMP, EPF, and JSR). Furthermore, compared
with the RVCANet, DCNN, and DRN, the proposed DFFN
can accurately classify pixels in the near-edge regions and
provide more similar results to the reference map, as shown
in Fig. 3(b). Apart from visual comparison, Table II gives the
quantitative results of various methods on the Indian Pines
image. To fairly compare the classification results, the SAE is
excluded in quantitatively compare section. Specifically, these
classification accuracy values are averaged over ten experi-
ments with different randomly selected training data. As can
be seen, DL-based methods achieve a better performance.
In addition, by introducing residual learning, the DRN and
the DFFN get much improvement compared with the DCNN.
Moreover, by comparing the results of the DRN and the
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TABLE II

NUMBER OF TRAINING AND TEST SAMPLES OF THE INDIAN PINES IMAGE AND CLASSIFICATION ACCURACIES (IN PERCENTAGES) OBTAINED
BY THE SVM [5], EMP [11], EPF [25], JSR [15], RVCANET [47], DCNN, DRN [49], AND DFFN. THE STANDARD

DEVIATION VALUES ARE ALSO GIVEN IN THE BRACKETS

TABLE III

NUMBER OF TRAINING AND TEST SAMPLES OF THE UNIVERSITY OF PAVIA IMAGE AND CLASSIFICATION ACCURACIES (IN PERCENTAGES)
OBTAINED BY THE SVM [5], EMP [11], EPF [25], JSR [15], RVCANET [47], DCNN, DRN [49], AND DFFN.

THE STANDARD DEVIATION VALUES ARE ALSO GIVEN IN THE BRACKETS

DFFN, the feature-fusion mechanism can further improve the
performance, which demonstrates the effectiveness of feature
fusion. Overall, our method performs better than all other cited
methods in terms of three metrics (the OA, AA, and Kappa
coefficient).

The second and third experiments are performed on the
University of Pavia and Salinas images, respectively. For the
University of Pavia image, 2% of labeled pixels are randomly
selected as training samples (apart from the SAE for 50%),
and the rest of samples are utilized for testing. For the Salinas
image, we only use 0.5% samples per class to train classifiers
(apart from the SAE for 50%), and the rest of samples are used
as the test samples. Figs. 7 and 8 show the classification maps
obtained by different methods. Tables III and IV present the
training and test samples and quantitative comparison results
of different methods. In the two examples, it can be seen

that the proposed DFFN significantly improved the OA from
97.19% to 98.73% for the University of Pavia image, and
95.05% to 98.87% for the Salinas image compared with the
DCNN.

E. Analysis of Parameters
For the proposed DFFN classification method, the PCA

algorithm is first performed on the original HSIs with the
purpose of extracting first several principal components. Then,
in the dimensionality-reduced HSIs, the fixed-size image
patches centered on labeled pixels are input to the proposed
network. Apart from the number of principal components
(denoted as N) and the size of image patches (denoted as S),
the network depth (denoted as D) is also a crucial factor for
classification performance. Therefore, the effects of these three
parameters will be analyzed in this section.
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Fig. 7. Classification maps on the University of Pavia data set obtained
by (a) SVM [5], (b) SAE [51], (c) EMP [11], (d) EPF [25], (e) JSR [15],
(f) RVCANet [47], (g) DCNN, (h) DRN [49], and (i) DFFN.

1) Effect of N on Classification Accuracies: In this analysis,
S is empirically set to 25 × 25, 23 × 23, and 27 × 27 for
the Indian Pines, University of Pavia, and Salinas images,
respectively. D is set to 28, 34, and 28 for the three test
images, respectively. Fig. 9 shows the OA values with the
different N values on three test images. It can be observed
that the OA values first improve, and then become stable as
N increases. Actually, most of the information in HSIs exists
in the first several principal components. Therefore, the OA
values tend to rise as n increases in the beginning. Then,
utilizing a larger number of principal components does not
further improve performance.

2) Effect of S on Classification Accuracies: In order to
discuss the influence of the size of image patches, N is
empirically set to 3, 5, and 10 for the Indian Pines, University
of Pavia, and Salinas images, respectively. D is set to 28,
34, and 28 for the three test images, respectively. As can be
seen from Fig. 10, the OA values on the Indian Pines and

Fig. 8. Classification maps on the Salinas data set obtained by (a) SVM [5],
(b) SAE [51], (c) EMP [11], (d) EPF [25], (e) JSR [15], (f) RVCANet [47],
(g) DCNN, (h) DRN [49], and (i) DFFN.

Fig. 9. Effect of N on classification accuracies in the three HSIs.

Salinas images generally increase or become comparatively
stable as S becomes larger. By contrast, the influence of S
on the University of Pavia image is relatively sensitive, and
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TABLE IV

NUMBER OF TRAINING AND TEST SAMPLES OF THE SALINAS IMAGE AND CLASSIFICATION ACCURACIES (IN PERCENTAGES) OBTAINED
BY THE SVM [5], EMP [11], EPF [25], JSR [15], RVCANET [47], DCNN, DRN [49], AND DFFN. THE STANDARD

DEVIATION VALUES ARE ALSO GIVEN IN THE BRACKETS

Fig. 10. Effect of S on classification accuracies in the three HSIs.

concretely, the OA value first rises and then dramatically
declines. In addition, the curves reach the best OA values when
S values are set to 25×25, 23×23, and 27×27 for the Indian
Pines, University of Pavia, and Salinas images, respectively.
The main reason is that the Indian Pines and Salinas images
have larger smooth regions, and the University of Pavia image
has more detailed regions.

3) Effect of D on Classification Accuracies: In this paper,
we focus on building a very deep network to extract dis-
criminative features of HSIs. Therefore, network depth is a
crucial factor in our experiments. As the same in the above
experimental setup, we fix the other two factors and analyzed
the effect of D on classification results. Specifically, S is
set to 25 × 25, 23 × 23, and 27 × 27 for the Indian Pines,
University of Pavia, and Salinas images, respectively. N is set
to 3, 5, and 10 for the three test images, respectively. As can be
seen from Fig. 11, increasing D can improve the classification
accuracies. However, too deep networks also result in the slight
variations of accuracies. The main reason of this phenomenon
is that the limited training samples (e.g., only 10%, 2%, and
0.5% of labeled pixels per class are used for the Indian Pines,
University of Pavia, and Salinas images, respectively) are not
enough to train networks with excessive depth. In addition,

Fig. 11. Effect of D on classification accuracies in the three HSIs.

all OAs are above 98% under different D values, which
demonstrate that our proposed network can effectively balance
the network depth and classification performance.

F. Effect of Different Numbers of Training Samples

In this section, the influence of different training and test
sets on several methods is analyzed on the Indian Pines,
University of Pavia, and Salinas images, respectively. Due to
the poor performance of the SVM and requirement of large
samples by the SAE, the two methods are not discussed in
this section. The parameters for the other methods are kept the
same as that in Section IV-B. For the Indian Pines, University
of Pavia, and Salinas images, different percentages (from 5%
to 30% for the Indian Pines image, 0.5% to 5% for the
University of Pavia image, and 0.1% to 2% for the Salinas
image) of labeled pixels per class are randomly selected as
training samples, and the rest of samples are used as test
samples. Specifically, all experimental results are averaged
over ten times with different randomly selected training data.

Fig. 12 shows the overall classification accuracy for each
classifier under different numbers of training samples. From
this curve, we can observe that the performances of all
methods generally improve as the numbers of training samples
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TABLE V

OA VALUES (IN PERCENTAGES) OBTAINED BY DIFFERENT FUSION STRATEGIES ON THE THREE HSIs

Fig. 12. Effect of the different numbers of training samples for EMP [11], EPF [25], JSR [15], RVCANet [47], DCNN, DRN [49], and DFFN on (a) Indian
Pines image, (b) University of Pavia image, and (c) Salinas image.

increase. In addition, the proposed DFFN method consistently
provides superior performances over the other compared meth-
ods under all different training samples. Specifically, when less
samples are used, our proposed method has much advantage
over other classifiers.

G. Comparison of Different Feature Fusion Strategies
In this paper, we fuse multiple-layer features to explore

the strong complementary and correlated information existing
in deep network from three different perspectives (i.e., low,
middle, and high layers). In this section, we compare different
fusion methods to prove the effectiveness of the proposed
fusion strategy. Table V shows the OA values obtained by
different fusion methods on the three HSIs. In Table V,
the DFFN2, DFFN6, and DFFN9 refer to methods that fuse
two, six, and nine hierarchical layers, respectively. Particularly,
the DFFN2-LH represents the fusion of a low layer and a high
layer, and the DFFN2-MH refers to the fusion of a middle
layer and a high layer.

From Table V, we can observe that fusing several layers
can improve the classification results to some extent compared
with the DRN, and the proposed fusion strategy DFFN indeed
outperforms other methods. However, fusing too many layers
conversely may bring in redundant information, which greatly
degrades the performance (e.g., DFFN9).

V. CONCLUSION

In this paper, a novel DL-based method is presented for
HSI classification. Compared with the previous networks,
the proposed DFFN can extract deeper features and obtain the
state-of-the-art performance. In addition, a fusing mechanism

is exploited to make full use of the multiple-layer features.
The experimental results on three real HSIs demonstrate the
superiority of the proposed method over several well-known
classical and DL methods, in terms of both visual qualities on
the classification map and quantitative metrics.

Although a feature-fusing mechanism is adopted in our
proposed network, we only fuse three layers with the elemen-
twise adding way. In the future works, we will systematically
research the fusion strategies and fuse more representative
layers to further improve the classification accuracies.
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