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Abstract— A convolutional neural network (CNN) has recently
demonstrated its outstanding capability for the classification
of hyperspectral images (HSIs). Typical CNN-based methods
usually adopt image patches as inputs to the network. However,
a fixed-size image patch in HSI with complex spatial contexts
may contain multiple ground objects of different classes, which
will deteriorate the classification performance of the CNN.
In addition, traditional convolutional layers adopted in the CNN
have a huge amount of parameters needed to be tuned, which will
cause high computational cost. To address the above-mentioned
issues, a novel squeeze multibias network (SMBN) is proposed
for HSI classification. Specifically, the proposed SMBN first
introduces the multibias module (MBM), which incorporates
multibias into the rectified linear unit layers. The MBM can
decouple the feature maps of input patches into multiple response
maps (corresponding to different ground objects) and adap-
tively select the meaningful maps for classification. Furthermore,
the proposed SMBN replaces the traditional convolutional layer
with a squeeze convolution module, which can greatly reduce
the number of parameters in the network, thus saving the
running time, while still maintaining high classification accuracy.
Experimental results on three real HSIs demonstrate the superi-
ority of the proposed SMBN method over several state-of-the-art
classification approaches.

Index Terms— Convolutional neural network (CNN), hyper-
spectral image (HSI) classification, multibias module (MBM),
squeeze convolution module (SCM), squeeze multibias net-
work (SMBN).

I. INTRODUCTION

REMOTE sensing hyperspectral images (HSIs) are usu-
ally composed of hundreds of spectral channels, which
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can provide abundant spectral information of land covers.
Recently, HSI classification has become a very active research
topic in remote sensing [1]–[3], which has been widely applied
in many fields, such as precision agriculture [4], environment
monitoring [5], and other fields [6]–[8].

In general, there are two major characteristics of HSIs,
which can be utilized to obtain discriminative features for
HSI classification. One is the spectral information, which
makes such data a valuable source for the accurate identi-
fication of a particular ground material [9], [10]. The other
is the spatial information, which can be used in addition
to spectral features to further improve the classification
performance [11].

Recently, researchers on HSI classification communities try
to incorporate spatial with spectral information to obtain good
classification performance. For instance, in [12], extended
morphological profiles (EMPs) were introduced to extract
spectral–spatial features, which can be used to obtain a
detailed multilevel characterization of HSIs, leading to higher
classification accuracies. In [13] and [14], some effective
multiple kernel learning (MKL) algorithms have been pro-
posed for HSI classification, and the MKL uses the subspace
method to obtain the weights of base kernels in the linear
combination. In addition, the sparse representation [15]–[19]
is also a widely used spectral–spatial method for HSI classi-
fication, which first exploits the spatial context of the HSIs
by defining a local region for each test pixel, and then
jointly represents pixels with each region by a set of training
samples.

The aforementioned methods depend on human-engineered
features [20]–[23]. Nevertheless, it is difficult to find the most
optimal parameters to generate features for the classification.
Very recently, the deep learning-based methods, which can
automatically extract robust and discriminative features in a
hierarchical learning way [24], have made a great success
in several applications (e.g., object detection [25], natural
language processing [26], and image classification [27]).
In the remote sensing field, Lu et al. [28] have proposed a
highly effective and promising feature representation learning
method, which provides a good idea for remote sensing
image processing. A stacked autoencoder (SAE) was first
introduced for HSI classification in [29]. Then, some improved
SAE-based methods [30]–[32] have been proposed to obtain
a better classification performance. In [33], a deep belief
network model was introduced for HSI classification, which
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uses the restricted Boltzmann machine and the multiple-layer
network to learn features. In [34], a deep convolutional neural
network (CNN) was employed to directly classify HSIs in the
spectral domain. After that, a series of improved CNN-based
methods [35]–[40] was utilized to extract spectral–spatial
features for HSI classification. For examples, work in [35]
used the CNN to extract spatial features and combined them
with spectral features that were learned by balanced local
discriminant embedding for HSI classification. In [36], a semi-
supervised CNN is proposed, which can effectively solve the
problem of limited labeled samples via semisupervised learn-
ing. Zhang et al. [37] proposed a dual stream CNN, where
one CNN stream extracts the spectral feature and the other
extracts the spatial–spectral feature. In [38], a CNN-based
feature extractor was proposed, which can learn discriminative
features from pixel pairs and apply voting strategy to create
classification result maps. Song et al. [39] proposed a deep
feature fusion network for HSI classification, which can con-
sider correlated information among different layers via a fusion
strategy and use residual learning to alleviate overfitting and
gradient vanishing in the deep CNN. The CNN-based methods
generally use image patches as inputs of the network and adopt
several convolutional layers and rectified linear unit (ReLU)
layers for the feature extraction. The convolutional layer
can produce various discriminative feature maps by applying
convolution operation on input image patches or feature maps,
and the ReLU was used to separate noise from informative
signals in the feature maps [27], [41]. However, since the
HSIs usually have complex spatial contexts, the fixed-size
image patches may contain multiple ground objects of different
classes, which will deteriorate the classification performance
of the CNN. In addition, traditional convolutional layers
adopted in the CNN have a huge amount of parameters needed
to be tuned, which will result in a high computational cost.

In this paper, to address the aforementioned two issues,
a novel squeeze multibias network (SMBN) is proposed for
HSI classification. Specifically, we first introduce a multi-
bias module (MBM), which incorporates multibias into the
ReLU layers. The MBM can decompose the feature maps of
input patches into multiple response maps (corresponding to
different ground objects) by adopting multibias magnitudes.
Then, the MBM can adaptively select meaningful maps for
accurate classification. Moreover, instead of adopting the tra-
ditional convolutional layer, an efficient squeeze convolution
module (SCM) is introduced. The SCM can efficiently improve
the running speed of the network by reducing the num-
ber of parameters, while still maintaining high classification
accuracy.

The remainder of this paper is organized as follows.
In Section II, we briefly review the CNN model and the
CNN-based HSI classification method. The proposed SMBN
method is introduced in Section III. The experimental results
are given in Section IV. Finally, we summarize this paper and
suggest possible future works in Section V.

II. RELATED WORK

In this section, we briefly review the CNN model and the
traditional CNN-based HSI classification method.

Fig. 1. Architecture of a typical CNN. The purple box in the input layer
is a convolution kernel, and the red box in the convolutional layer calculates
the maximum or average value of this region. For convenience, some layers
(e.g., batch-normalization layers and activation layers) are not given.

A. CNN

The CNN is one of the most popular deep learning models
and has been widely used recently in many fields [42], [43].
The CNN was inspired by the hierarchical structure of a visual
system, and it delivers excellent performance for image clas-
sification and object recognition [27], [44]. The architecture
of a typical CNN is shown in Fig. 1.

A convolutional layer is an important part of CNN, which
convolves the input images or feature maps with multi-
ple convolution kernels to produce various feature maps.
Mathematically, the convolution operation can be defined
as

Xl = g(Xl−1 ∗ Wl + Bl) (1)

where Xl−1 and Xl are the input and output of the lth
convolutional layer, and Wl and Bl are the convolution kernels
and biases of the lth convolutional layer, respectively. The
operator ∗ represents the convolution operation, and g(·) is an
activation function.

The activation function has also demonstrated to be very
important for deep models and is usually placed after convolu-
tion operation to improve the nonlinearity of the network [45].
The ReLU is found to be particularly effective and widely
used in deep neural networks, which can separate noise from
informative signals in a feature map obtained from the con-
volutional layer by learning a bias [27], [41]. Mathematically,
the ReLU can model neuron’s output g as a function of its
input x, g(x) = max(0, x), which is faster than some saturating
nonlinearities [e.g., g(x) = tanh(x) or g(x) = (1 + e−x)−1] in
terms of training time and gradient descent.

In general, a pooling layer is placed behind the convo-
lutional layer to reduce the size of feature maps from the
convolutional layer. Then, the size-reduced feature maps are
fed into a fully connected layer, where all features are reshaped
into one feature vector. In fact, the fully connected layer can
be considered as a special case of a convolutional layer, where
the size of convolution kernels is the same as the feature maps,
and so its mathematical expression is the same as formula (1).
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B. CNN-Based HSI Classification

In recent years, the CNN has also been extended to HSI
classification and achieved remarkable performance [46], [47].
In general, typical CNN-based methods extract patch for each
pixel of the HSIs and utilize the patches to train the CNN.
Specifically, principal component analysis [48] is first adopted
to reduce the spectral dimension and extract the most informa-
tive P components of HSIs [49]. Then, to utilize both spectral
and spatial information, for each training pixel, an image patch
(of size S×S× P) is extracted from dimension-reduced image
as the input of the CNN. Assume that the input patches and
the corresponding truth label vectors are represented by hn

(n = 1, 2, . . . , N and N is the number of training pixels)
and yn , respectively. As described in Section II-A, each input
patch hn can be transformed into a feature vector vn through a
series of convolution, pooling, and fully connected operations.
Finally, the vector is input to a soft-max layer for classification.
The output of the soft-max layer is the probability distribution
of each pixel, which is denoted as

pn
c = evn

c

�C
c=1evn

c
, c = 1, 2, . . . , C (2)

where vn
c is the cth value of the input vector vn , C is the

number of classes, and pn
c is the probability of the nth training

pixel belonging to the cth class. Finally, the predicted label
of each pixel can be determined by the maximal probability.
Based on the predicted probability, the loss function L f can
be written as

min L f = −�N
n=1�

C
c=1yn

c log pn
c (3)

where yn
c is the cth value of the truth label vector yn .

To minimize the loss function, stochastic gradient descent
algorithm [50] is widely used to optimize the aforementioned
parameters Wl and Bl , which propagates the error L f from
the last layer to the first layer, and modifies the parameters at
each layer. An optimal CNN model will be obtained, until the
loss function convergence is achieved. Then, for an unlabeled
test pixel, its possible label can be predicted by the obtained
CNN model.

III. PROPOSED SMBN METHOD

For HSI classification, most existing CNN-based methods
adopted image patches as inputs to the network. Since HSIs
have very complex spatial structures, fixed-size image patches
often contain several ground objects, which may mislead the
CNN for the classification. The ReLU can be used to separate
noise from true signals in the feature maps, but still cannot
distinguish different objects. As described in [51], magnitudes
of responses can be used to separate different ground objects.
Therefore, we incorporate the multiple biases strategy into
the ReLU (called MBM), which can split feature maps of
input patches into multiple response maps. An example (patch
extracted from the Houston HSI) about how multiple biases
can decouple different magnitudes of response feature maps is
shown in Fig. 2. We can observe that there are different bright-
ness and edge contrast on grass, residential, and road. Specif-
ically, the residential class should have higher magnitudes

Fig. 2. Example describing how biases can decouple feature maps into
different magnitudes of response maps. The grass, residential, and road have
different magnitudes in their responses to the brightness and edge differences.

compared to grass and road, since brightness and edge contrast
on residential are usually higher than those on grass and road.
Thus, we can separate the response maps according to their
magnitudes. In addition, to efficiently reduce the parameters
and save the running time of the network, we incorporate
a squeeze strategy into the traditional convolutional layers
(called SCM). The architecture of the proposed SMBN is
shown in Fig. 3. As can be seen, MBM and SCM are the
two main parts of the proposed SMBN method, which will be
detailed as follows.

A. MBM

Fig. 4 shows the architecture of MBM. After the convolution
operation, we can obtain a set of feature maps xu ∈ R

L1 L2

(u = 1, 2, . . . , U , U is the number of feature maps, and L1
and L2 are the spatial width and height of the feature map,
respectively). Then, by using a multibias layer with M biases,
each feature map xu is separated into M biased maps x�

u,m .
The elementwise output of the multibias layer is defined as

x �
u,m,i = g(xu,i + bu,m) (4)

where xu,i and x �
u,m,i (i = 1, 2, . . . , L1 L2) are the ith element

in the map xu and x�
u,m , respectively. bu,m (m = 1, 2, . . . , M)

is the bias (a scalar), which can be automatically learned
through backpropagation, and g(·) is a nonlinear function.
In this paper, we use ReLU as the nonlinear function, which
is described as

x �
u,m,i =

{
xu,i + bu,m xu,i + bu,m > 0

0 xu,i + bu,m � 0.
(5)

Then, these biased maps are concatenated by a concat layer,
and the output of the concat layer contains U M concatenated
maps {x�

u,m|u = 1, 2, . . . , U, m = 1, 2, . . . , M}. These maps
are then combined into β t by a convolutional layer as follows:

β t = g
(
�U

u=1�
M
m=1Wu,m,t ∗ x�

u,m + Bt
)

(6)

where t = 1, 2, . . . , T and T is the number of convolution
kernels in this convolutional layer. Wu,m,t and Bt are the
convolution kernels and biases, respectively.

B. SCM

The network computational complexity is generally propor-
tional to the number of parameters in the network [52]. In other
words, small networks can be trained faster because they
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Fig. 3. Brief architecture of the proposed SMBN (some convolutional layers, pooling layers, fully connected layers, and activation layers have been omitted
for the sake of simplicity).

Fig. 4. Architecture of MBM. Adding M biases on U feature maps from the
convolutional layer to create UM biased maps, and then, these biased maps
are concatenated by a concat layer and fed into a convolutional layer.

Fig. 5. Organization of convolutional layers in the SCM.

contain fewer parameters. In this paper, following the work
in [53], we replace the traditional convolutional layer with the
SCM, which can greatly reduce parameters. Fig. 5 shows the
architecture of SCM, which is composed of a convolutional
layer with k 1×1 filters, a convolutional layer with N2/2 1×1
filters, and a convolutional layer with N2/2 3 × 3 filters (N2
is the number of feature maps outputted by SCM). As can
be observed, two strategies are adopted in the SCM. First,
we replace a part of traditional 3 × 3 filters with 1 × 1 filters,
since a 1 × 1 filter has nine times fewer parameters than a
3 × 3 filter. Second, we reduce the number of input channels
of 3×3 convolution filters and the number of 3×3 convolution
filters. Typically, k is set to be much fewer than N2/2, which
can reduce the number of input channels for the 3 × 3 filters.
Fig. 6 shows an example, which compares the number of

Fig. 6. Example for comparing the number of parameters between the
traditional 3×3 convolutional layer and the SCM. The number of parameters
of traditional 3 × 3 convolutional layer and SCM is 18432 (32 × 3 × 3 × 64)
and 5632 (32×16+16×3×3×32+16×32), respectively. (a) Convolutional
layer. (b) SCM.

parameters between the traditional 3 × 3 convolutional layer
and the SCM. We assume that the number of input and output
feature maps of a 3 × 3 convolutional layer is 32 and 64,
respectively. After calculating the number of parameters, there
are 18 432 parameters in the traditional 3 × 3 convolutional
layer and 5632 parameters in the SCM. Therefore, the SCM
has three times fewer parameters than the traditional 3 × 3
convolutional layer, and thus it can speed up the training and
testing process. In addition, the SCM can still maintain high
classification accuracy by using 1×1 and 3×3 filters together,
which can increase the diversity of feature maps and enable the
network to adaptively select the meaningful maps for accurate
classification.

IV. EXPERIMENTAL RESULTS

In this section, in order to verify the effectiveness of the
proposed SMBN method, the proposed approach was tested
on three widely used HSI images, i.e., the Indian Pines,
the Houston University, and the Washington DC. In addition,
three quantitative metrics of overall accuracy (OA), average
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TABLE I

NUMBERS OF SAMPLES IN EACH CLASS ON THE THREE TEST IMAGES

accuracy (AA), and Kappa coefficient are adapted to quan-
titatively evaluate the classification performance. Specifically,
the OA is the total number of the correctly classified samples
divided by the total number of test samples. The AA is the
mean of the percentage of correctly classified samples for each
class. The Kappa is a measure of the degree of agreement.
The average value over 10 running experiments with randomly
selected training samples of each test image is reported for all
the indexes. Specifically, 10% samples of all pixels are used as
training samples for the Indian Pines image and 50 samples are
used as training samples for the Houston University image and
Washington DC image. All the experiments were implemented
by a PC equipped with a single 1080ti GPU and i7 7700k CPU.
The code of the proposed SMBN method will be released on
the website.1

A. Description of Data Sets

1) Indian Pines Image: The Indian Pines image was
acquired by the Airborne Visible Infrared Imaging Spec-
trometer sensor in northwestern Indiana. The spatial size
and spatial resolution of the Indian Pines image are 145 ×
145 and 20 m per pixel, respectively. The image consists
of 220 spectral channels ranging from 200 to 240 nm.
In general, 20 spectral channels have been discarded, since
they are corrupted by water absorption effects. The original
ground truth of this image contains 16 classes, and the
number of samples for each class is reported in Table I.
Fig. 10(a) and (b) shows the false-color composite of
the Indian Pines image and the corresponding ground
truth.

2) Houston University Image: The Houston University
image was acquired over the Houston University campus and
its neighboring region and was used in the 2013 GRSS Data
Fusion Contest. This image contains 144 spectral channels
ranging from 380 to 1050 nm, and its spatial size is 349×1905
with the spatial resolution of 2.5 m. The ground truth of this

1https://sites.google.com/site/leyuanfang/home.

Fig. 7. Detailed information of the baseline network. Each convolution block
contains three convolutional layers, and kernel # represents the number of
kernels of three convolutional layers in each convolution block. C represents
the number of classes.

image includes 15 classes, and the number of samples for each
class is reported in Table I. The false-color composite of the
Houston University image and the corresponding ground truth
is shown in Fig. 11(a) and (b).

3) Washington DC Image: The Washington DC image
was acquired by the Hyperspectral Digital Image Collection
Experiment sensor over the Washington DC Mall, which
contains 210 spectral channels. In this experiment, we only
use 191 spectral channels ranging from 400 to 2400 nm, and
19 channels ranging from 900 to 14 000 nm were abandoned.
The spatial size of this image is 280 × 307. Its ground truth
has six classes, and the number of samples for each class is
reported in Table I. Fig. 12(a) and (b) shows the false-color
composite of the Washington DC image and the corresponding
ground truth.

B. Network Design and Parameters’ Discussion

Fig. 7 describes the detailed information of our baseline
network (it contains traditional 3 × 3 convolutional lay-
ers and does not adopt MBM and SCM), which includes
three convolution blocks, where each block contains three
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Fig. 8. Detailed information of the SMBN. SM is the combination of SCM
and MBM, and each SM block contains three SMs. Bias # represents the
number of biases in the MBM.

convolutional layers. Each block has [32-32-32], [64-64-64],
and [128-128-128] filters, respectively. For all convolutional
layers, the kernel size is 3 × 3 and padded by 1 pixel with
stride 1. After each convolution block, it is a max pooling layer
with the kernel size of 2 ×2 and stride 2. The kernel numbers
of two fully connected layers are 300 and C (the number
of classes), respectively. The final layer is a soft-max layer.
Based on this baseline network, the proposed SMBN method
introduces MBMs and SCMs to improve the classification per-
formance and the operation speed of the network. The detailed
network information of the SMBN is described in Fig. 8.
All convolutional layers are replaced by SCMs except for
the convolution block-1. Since the convolution features are
more and more complex and abstract with the increasing of
convolutional layers [35], the MBMs are placed behind the
convolutional layers of convolution block-2 and convolution
block-3.

Except that weights and biases can be automatically learned
by the network during training, there are still other important
parameters, which need to be determined by our prior knowl-
edge and empirical study, such as the number of principal
components (P), the size of image patches (S × S), and the
number of biases in the MBM (M).

Fig. 9(a) shows the effects of the principal component
number P on the performance (on OA) of the proposed
SMBN method over the three test images. It can be seen
that as the P increases, the OA first increases and then
becomes stable. Considering that if P is too small, spectral
information is not fully utilized, which will influence the
classification accuracy, and if P is too large, the computing
time will increase. Therefore, the P is set to be 5, 5, and 8 for
Indian Pines, Houston University, and Washington DC images,
respectively.

Fig. 9(b) shows the effects of image patches size S × S
on the performance (on OA) of the proposed SMBN method
over the three test images. As can be seen, with the increas-
ing size of the image patches, the OA first improves and
then degrades for the three test images. In our experiments,
we set S × S to be 23 × 23, 21 × 21, and 21 × 21 for
the Indian Pines, Houston University, and Washington DC
images, respectively. The main reason is that the Indian
Pines image has larger smooth regions, whereas the Houston

Fig. 9. Classification accuracies (OA) of the proposed SMBN method
on the three test images with different parameters. (a) Number of principal
component. (b) Size of image patch. (c) Number of bias.

Fig. 10. Reference map and classification results on Indian Pines image.
(a) False-color composite image, (b) Reference map, and the classification
results (OA in %) obtained by (c) SVM [54], (d) EMP [12], (e) EPF [55],
(f) SRC [18], (g) SC-MK [56], (h) MNFL [57], (i) CNN [46], (j) MBN, and
(k) SMBN methods.

University and Washington DC images have more detailed
regions.

Fig. 9(c) shows the effects of different numbers of bias M on
the performance of the proposed method. As can be observed,
when M is set to 4, 2, and 2 for the Indian Pines, Houston
University, and Washington DC images, respectively, the OA
reaches the maximum. Setting a larger M does not improve
the classification performance. Therefore, in our experiments,
we set M to 4, 2, and 2 for the Indian Pines, Houston
University, and Washington DC images, respectively. The main
reason that M in the Indian Pines image is larger than that in
the Houston University and Washington DC images is that the
objects’ distribution in Indian Pines is more intensive, and one
image patch may include more ground objects.
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Fig. 11. Reference map and classification results on Houston University
image. (a) False-color composite image. (b) Reference map, and the clas-
sification results (OA in %) obtained by (c) SVM [54], (d) EMP [12],
(e) EPF [55], (f) SRC [18], (g) SC-MK [56], (h) MNFL [57], (i) CNN [46],
(j) MBN, and (k) SMBN methods.

C. Comparison Results of Different Methods

The classification performance of the proposed SMBN
method on the three test images was compared with sev-
eral well-known classification methods, such as SVM [54],
EMP [12], EPF [55], pixelwise sparse representation classi-
fication (SRC) [18], superpixel-based classification via mul-
tiple kernels (SC-MKs) [56], multiple nonlinear feature
learning (MNFL) with multivariate logistic regression [57],
the CNN [46], and the multibias network (MBN). SVM is a
spectral-based classifier, which does not consider spatial infor-
mation. EMP and EPF are spatial–spectral-based classification
methods, which exploit the spatial information of HSI by the
morphological method and edge-filtering, respectively. SRC is
a sparse representation-based method, which adopts the spatial
context within fixed-size patches. An SC-MK method adopts a
superpixel strategy to extract spatial and spectral information.

Fig. 12. Reference map and classification results on Washington DC image.
(a) False-color composite image. (b) Reference map, and the classification
results (OA in %) obtained by (c) SVM [54], (d) EMP [12], (e) EPF [55],
(f) SRC [18], (g) SC-MK [56], (h) MNFL [57], (i) CNN [46], (j) MBN, and
(k) SMBN methods.

TABLE II

EXECUTION TIME (IN SECOND) OF TRAINING AND TEST PROCESSES ON
THE THREE TEST IMAGES USING DIFFERENT METHODS

For the MNFL method, multiple features learned from HSI
were flexibly combined together for classification. The CNN is
a baseline network, which does not contain MBMs and SCMs.
The MBN is an improved network, which has introduced
the MBMs to optimize CNN. In addition, the parameters of
these methods are set according to the default values reported
in [12], [16], [44], and [52]–[55]. Fig. 10(c)–(k) shows clas-
sification maps obtained by different methods on the Indian
Pines image. It can be observed that the SVM method creates
a very noisy estimation in the corresponding classification
map, since it only considers spectral information. Some other
methods (e.g., EMP, EPF, SRC, SC-MK, and MNFL), which
incorporate the spatial context of the HSI, deliver a smoother
visual result. However, these methods still fail to correctly
classify the pixels in some regions (e.g., the top-left region
of the Indian Pines image). In the detailed and edge regions
(e.g., Soy-no till and Soy-min till in the 10 and 11 classes),
whose spatial contexts are complex, the MBN and SMBN
show a better classification performance than CNN. This is
because they utilize MBM to decouple the feature maps of
input patches into multiple response maps and then select
meaningful maps in a flexible way to classify. In addition,
as can be seen from Tables II and III, by introducing the SCM,
the SMBN can greatly reduce the computational time of the
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TABLE III

CLASSIFICATION ACCURACIES (IN %) OF THE INDIAN PINES IMAGE OBTAINED BY DIFFERENT METHODS WITH 10% TRAINING SAMPLES PER CLASS

TABLE IV

CLASSIFICATION ACCURACIES (IN %) OF THE HOUSTON UNIVERSITY IMAGE OBTAINED BY

DIFFERENT METHODS WITH 50 TRAINING SAMPLES PER CLASS

TABLE V

CLASSIFICATION ACCURACIES (IN %) OF THE WASHINGTON DC IMAGE OBTAINED BY DIFFERENT METHODS WITH 50 TRAINING SAMPLES PER CLASS

network compared with MBN, while still maintaining high
classification accuracy.

Figs. 11 and 12 show different classification maps obtained
by different investigated methods on the Houston University
and Washington DC images, respectively, and the quantitative
results are reported in Tables IV and V. As can be seen,

the MBN and SMBN methods, which adopt MBMs to opti-
mize the network, perform better than all other compared
methods in terms of OA, AA, and Kappa. In the zoomed-
in regions of Fig. 11, MBN and SMBN provide the best
visual classification results. In addition, in some classes,
the accuracies of the proposed method are less than those of
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Fig. 13. Effects of different numbers of training samples on SVM [54],
EMP [12], EPF [55], SRC [18], SC-MK [56], MNFL [57], CNN [46],
and the proposed SMBN for (a) Indian Pines, (b) Houston University, and
(c) Washington DC.

the other best ones, and the two main reasons are as follows:
1) our method uses fixed-sized image patches as the input
to the network, which might not well represent the detailed
structural regions and 2) some regions are too scattered and
small, and image patches might contain a few target ground
objects but with lots of ground objects from other classes, thus
misleading the classification result. In general, our proposed
method still delivers the best performance for most classes,
OA, AA, and Kappa. Furthermore, as can be seen from
Table II, for the three images, SMBN can also greatly save
the computing time and maintain competitive classification
accuracy.

D. Effect of Different Numbers of Training Samples

In practical situations, limited training samples may be
insufficient to accurately classify each class, and so it is nec-
essary to investigate the sensitivity of the number of training
samples. Fig. 13 shows the classification performance of the
three test images with different numbers of training samples.
As can be seen, for the Indian Pines image, the number of
training samples per class is changed from 6% to 20% of
all labeled pixels with an interval of 2%, and the number
of training samples per class ranges from 30 to 100 with
an interval of 10 for Washington DC and Houston images,
respectively. As can be seen, SMBN still performs better
than other methods, which verifies that the multibias strategy
can indeed improve the classification performance. The main
reasons are that combining the response maps in different
magnitude ranges in a flexible manner can achieve a better
classification performance, and sufficient training samples can
guarantee the parameters of the network to be finely tuned.

V. CONCLUSION

In this paper, we presented a novel SMBN for HSIs’
classification. Specifically, we place an MBM behind the

convolutional layer to decouple feature maps to multiple
maps according to the magnitudes of responses, and then,
the response maps in different magnitude ranges are com-
bined flexibly by the subsequent layer to achieve a bet-
ter classification performance. In addition, we replace the
3 × 3 convolutional layer by the SCM, which can reduce
the executable time of the network and maintain competitive
classification accuracy. Experimental results on three real
HSIs demonstrate the superiority of the proposed SMBN
over the traditional CNN-based method and other well-known
classifiers.

In the future publications, we will first divide the feature
maps from convolutional layers and feed them into mul-
tiple response modules (i.e., multiple nonlinear activation
functions). Then, we combine them together as the input
of the subsequent convolutional layer, which may further
improve the expressive power of the network and obtain
more discriminative information hidden in the magnitude of
response.
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