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Deep learning has become one of the most important break-
throughs in artificial intelligence over the past decade. Deep
learning contains a variety of methods, including neural net-
works, hierarchical probabilistic models, and many specific
unsupervised and supervised feature-learning algorithms.
The biggest difference between deep learning and the classic
visual recognition methods is that deep learning methods
automatically learn features from a huge amount of data,
rather than requiring engineering features by hand. There-
fore, we can conveniently learn good features for new specific
tasks withoutmuch expertise and effort of designing features.
In addition, deep learning approaches make better use of big
data and provide an end-to-end learning framework in which
jointly learning feature transformations and classifiers via the
back propagation technique makes their integration optimal.

Deep learning is about learning hierarchical feature rep-
resentations. Deep architectures with multiple levels attempt
to learn hierarchical structures and seem promising in
learning simple concepts first and then successfully building
up more complex concepts by composing the simpler ones
together. It accords with human’s visual cognition of learning
abstract concepts on top of less abstract ones. These high-
level feature representations are more powerful and robust in
typical visual tasks.

In the intelligent interpretation of remote sensing images,
the automatic target detection (or recognition) and high-
resolution remotely sensed image classification are two hot
topics, and both of these two tasks are carried out by first
computing the low-level features in the raw images. For
different kinds of remote sensing images (e.g., SAR images

and hyperspectral images), the corresponding specific feature
representations are available.Through applying deep learning
methods, we are free of these handcrafted low-level features
and can automatically learn mid-level and higher-level ones
from a large amount of unlabeled raw samples beyond the
types and domains of remote sensing images. Deep leaning
methods can undoubtedly offer better feature representations
for the related remote sensing task, and there is a bright
prospect of seeing more and more researchers dedicated
to learning better features for the target detection and
scene classification tasks by utilizing deep learning methods
appropriately.

This special issue concentrates on the research in new
methods, algorithms, and architectures of deep learning to
handle the practical challenges in remote sensing image
processing.The papers in this issue can be roughly organized
into three main categories: (a) remote sensing imagery
classification, (b) change detection of multitemporal remote
sensing images, and (c) fusion of diverse types of images.

Papers in category (a) deal with the classic classification
problem for distinct types of remote sensing images. The
paper by Z. Huang explores the synergetic neural networks
optimized by an improved quantum particle swarm algo-
rithm for mangroves classification. The paper by Q. Lv et al.
introduces deep belief networks to extract effective contextual
mapping features for the task of PolSAR image classifica-
tion. The paper by W. Hu et al. specially designs a five-
layer convolutional neural network to classify hyperspectral
images directly in spectral domain. The paper by D. Lin et al.
proposes a novel multifeature fusion strategy via the sparse
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canonical correlation analysis and Bayesian information cri-
terion for high-resolution satellite image classification.

Paper by L.Huang et al. introduces the 2D-Otsu threshold
segmentation methods to analyze the changing area between
two temporal remote sensing images, which belongs to cate-
gory (b). Category (c) also contains one paper by X. Zhang
et al., which presents novel methods for automatic fusion
of 2D hyperspectral images and 3D laser scans by exploring
collinearity equation and direct linear transformation to
create the initial corresponding relationship of the two raw
datasets.

Note that this special issue only provides a small number
of papers and relatively narrow insights on remote sensing
image understanding, and it is impossible to cover complete
aspects of remote sensing applications with deep learning
methods due to the page limitations.
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Quantum particle swarm optimization (QPSO) is a population based optimization algorithm inspired by social behavior of bird
flocking which combines the ideas of quantum computing. For many optimization problems, traditional QPSO algorithm can
produce high-quality solution within a reasonable computation time and relatively stable convergence characteristics. But QPSO
algorithm also showed some unsatisfactory issues in practical applications, such as premature convergence and poor ability in global
optimization. To solve these problems, an improved quantum particle swarm optimization algorithm is proposed and implemented
in this paper. There are three main works in this paper. Firstly, an improved QPSO algorithm is introduced which can enhance
decision making ability of the model. Secondly, we introduce synergetic neural network model to mangroves classification for the
first time which can better handle fuzzy matching of remote sensing image. Finally, the improved QPSO algorithm is used to realize
the optimization of network parameter.The experiments onmangroves classification showed that the improved algorithmhasmore
powerful global exploration ability and faster convergence speed.

1. Introduction

Quantum particle swarm optimization algorithm (QPSO)
is a new evolutionary algorithm proposed in 2005 [1, 2].
Researchers found that the human learning process has
great uncertainty which is very similar to the quantum
behaviour of particle, so each individual can be described as a
particle in quantum space. In recent years, a series of papers
have focused on the application of QPSO, such as financial
forecasting [3], sensor array [4], clinical disease diagnoses
[5], classification and clustering [6], fuel management opti-
mization [7], feature selection [8], and other areas [9, 10].
But traditional QPSO is easy to fall into local optimum value
and the convergence rate is slow. How to avoid prematurity
and maintain fast convergence rate at the same time is a
major problem. In order to improve the performance of
QPSO, researchers have made some attempts. Sun et al. [11]
reported a global search strategy of quantumbehaved particle
swarm optimization. In [12], chaotic mutation operator is
introduced to quantum particle swarm optimization, instead
of random sequences in QPSO; chaotic mutation operator

is a powerful strategy to diversify the QPSO population
and can improve the performance in preventing premature
convergence to local minima. In [13], an improved quantum
particle swarm optimization algorithm based on real coding
method is presented which can improve the performance of
QPSO.

Mangrove ecosystems play irreplaceable and important
roles for the stabilization and equilibrium of coastal estuary
as a unique ecosystem of land and sea [14–17]. Grasping
the status of mangrove communities timely and accurately
can provide important information for the protection and
restoration of mangrove ecosystems. But the spatial resolu-
tion of TM images is not high and the spectral similarity
of mangrove communities is strong [18–20]. Due to these
problems, it is necessary to adopt a more intelligent approach
to improve the accuracy of mangrove classification.

We can use synergetic neural network (SNN) proposed
by Haken [21] to realize intelligent mangroves classification.
The basic principle of synergetic neural network is that the
pattern recognition procedure can be viewed as the com-
petition progress of many order parameters. One advantage
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of synergetic neural network method is robustness against
noise and occlusion; using this method we will be able to
better handle fuzzy matching of mangroves classification
whose contextual information is not complete. Synergetic
pattern recognition method has been successfully used in
face recognition [22], automatic control field [23, 24], and
exon recognition [25]. Mangroves classification can also be
considered as a problem of pattern recognition, and it is
also entirely possible to use this method to solve mangroves
classification. At present, the mainstream studies of SNN
focus on the selection of prototype pattern vector [26], setting
of attention parameter [27–29], reconstruction algorithm of
order parameters [30], and so on. The network parameters
directly influence the synergetic recognition performance.
The adjustment of network parameters is a global behavior
and has no general research theory to control the parameters
in the recognition process at present. In this paper, we pro-
posed an improved algorithm which can effectively choose
network parameters of SNN.

This paper is organized as follows. An improved QPSO
algorithm is presented in Section 2. In Section 3, mangroves
classification model based on synergetic neural network is
introduced. An improved SNN model based on improved
QPSO is presented in Section 4. In Section 5, some experi-
mental results and conclusions are given.

2. Improved QPSO Based on Adaptive
Behavior Selection (AQPSO)

In this section, we present an improvedQPSO. First, diversity
function is employed as feature functions. Second, adaptive
movement behavior is introduced into quantum particle
swarm optimization for the first time.

2.1. Diversity Function. Diversity function is used to describe
the dispersion degree of particles. Diversity function 𝑔

1
(𝑡)

describes adaptive diversity, where 𝑡 refers to the current
iteration number. Consider

𝐷 (𝑡) =

min (𝑓gb, 𝑓
𝑡

avg)

max (𝑓gb, 𝑓𝑡avg)
, 𝑔
1
(𝑡) ∈ (0, 1] , 𝑖 = 1, 2, . . . , 𝑛, (1)

where 𝑓𝑡avg means the average fitness value of the 𝑖th iterative
and 𝑓gb is current global optimal value. 𝑔

1
(𝑡) = 1 means the

diversity is poor. 𝑔
1
(𝑡) ≪ 1means the diversity is good.

2.2. Adaptive Movement Behavior. From the QPSO algo-
rithm, we can know local attractor 𝑞 is determined by local
optimum 𝑝best and global optimum 𝑔best:

𝑞 = 𝜑 ⋅ 𝑝best + (1 − 𝜑) ⋅ 𝑔best, (2)

where 𝜑 = 𝑐
1
𝑟
1
/(𝑐
1
𝑟
1
+ 𝑐
2
𝑟
2
), 𝑟
1
∼ 𝑈(0, 1), 𝑟

2
∼ 𝑈(0, 1).

In standard QPSO algorithm, 𝑐
1
and 𝑐
2
are employed as

two accelerating factors which not only will affect conver-
gence speed, but alsomay lead to the occurrence of premature
phenomenon. In the early iterations, the current position and
the optimal location of particles are far away. At later stage,

the current position and the optimal location are closer. To
effectively avoid the occurrence of premature phenomenon,
𝐷(𝑡) can be used to describe the closer degree between
particles and the global optimal position, so as to select the
corresponding acceleration factor:

𝑐
1
=

{{{{{

{{{{{

{

(𝑀𝑐 − 𝑚𝑐) × tan(MAXITER − 𝑡
MAXITER

) + 𝑚𝑐, 𝐷 (𝑡) > 𝑅
1
,

(𝑀𝑐 − 𝑚𝑐) ×
MAXITER − 𝑡
MAXITER

+ 𝑚𝑐, 𝐷 (𝑡) ≤ 𝑅
1
,

𝑐
2
=

{{{{{

{{{{{

{

(𝑀𝑐 − 𝑚𝑐) ×
MAXITER − 𝑡
MAXITER

+ 𝑚𝑐, 𝐷 (𝑡)>𝑅
1
,

(𝑀𝑐 − 𝑚𝑐) × tan(MAXITER − 𝑡
MAXITER

) + 𝑚𝑐, 𝐷 (𝑡) ≤ 𝑅
1
.

(3)

2.3.The Improved Algorithm. The improvedQPSO algorithm
is shown as follows.

(1) Initialize variables.

(2) Generate initial artificial particle swarm.

(3) Update the local optimum position 𝑃
𝑖𝑗
and the global

best position 𝑃
𝑔𝑖
.

(4) Each particle updates its location through different
behavior.

(5) Perform adaptive movement behavior by (3).

(6) The threshold gradually reducedwhich can lead to the
dispersion decreasing of particles.

(7) Record the optimal value.

(8) If the iteration is terminated, output the optimal
value; otherwise return to Step (3).

3. An Improved SNN Model Based on AQPSO

3.1. Mangroves Classification Based on SNN Model. SNN
model is a top-down network constructed by synergetics
different from traditional neural network, and it does not
produce the pseudostate. An unrecognized pattern, 𝑞, is
constructed by a dynamic process which translates 𝑞 into
one of the prototype pattern vectors V

𝑘
through status 𝑞(𝑡);

namely, this prototype pattern is closest to 𝑞(0). The process
is described as in the following equation: 𝑞 → 𝑞(𝑡) → V

𝑘
.

A dynamic equation can be given for unrecognized
pattern:

̇𝑞=

𝑀

∑

𝑘=1

𝜆
𝑘
V
𝑘
(V+
𝑘
𝑞) − 𝐵∑

𝑘

̸=𝑘

(V+
𝑘
𝑞)
2

(V+
𝑘
𝑞) V
𝑘
− 𝐶 (𝑞

+
𝑞) 𝑞 + 𝐹 (𝑡) , (4)

where 𝑞 is the status vector of input pattern with initial value
𝑞
0
, 𝜆
𝑘
is attention parameter, V

𝑘
is prototype pattern vector,

and V+
𝑘
is the adjoint vector of V

𝑘
.
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Figure 1: The flow chart of recognition process.

Corresponding dynamic equation of order parameters is

̇𝜉
𝑘
= 𝜆
𝑘
𝜉
𝑘
− 𝐵∑

𝑘

̸=𝑘

𝜉
2

𝑘
𝜉𝑘 − 𝐶



𝑀

∑

𝑘

=1

𝜉
2

𝑘




𝜉
𝑘
, (5)

where 𝜉
𝑘
satisfies initial condition

𝜉
𝑘
= V+
𝑘
𝑞 (0) . (6)

A method for mangroves classification using synergetic
neural network technique is presented, as shown in Figure 1.

Themangrove classification model based on SNNmainly
includes the following steps.

Step 1. Extract feature from training corpus and calculate
prototype pattern vectors which satisfied the condition of
normalization and zero-mean.

Step 2. Obtain the adjoint pattern of the prototype patterns.

Step 3. Extract feature from test corpus and calculate test
pattern vectors 𝑞

𝑘
(0) (𝑘 = 1, 2, . . . , 𝑁) which satisfied the

condition of normalization and zero-mean.

Step 4. Calculate the initial values of order parameters
according to (6).

Step 5. Evolution equation is performed for the competition
among order parameters according to (5).

Step 6. If the values of 𝜉
𝑘
in the evolution can reach stable

condition, output the final results; otherwise continue per-
forming evolution equation in Step 5.

3.2. Parameters Optimization of SNN Based on AQPSO. The
network parameters of synergetic neural network directly
influence the synergetic recognition performance. There is
no general research theory to control the parameters in the
recognition process at present. How to construct network
parameter and choose a more efficient optimization method

is an important task. To solve these problems, AQPSO is used
in this section to effectively select network parameters.

A parameters optimization of synergetic neural network
based on AQPSO is shown as Figure 2. Firstly, we can recon-
struct the attention parameter 𝜆

𝑘
based on the measuring

similarity between the prototype pattern V
𝑘
and the test

pattern 𝑞
𝑙
:

𝜆
𝑘
= 𝛼 cos (V

𝑘
, 𝑞
𝑙
) ,

cos (V
𝑘
, 𝑞
𝑙
) =

V
𝑘
⋅ 𝑞
𝑙

V𝑘

𝑞𝑙


.
(7)

Secondly, AQPSO algorithm is used to search the global
optimum parameters of network (𝛼, 𝐵, 𝐶) in the correspond-
ing parameter space.

The reconstruction and optimization of network param-
eters based on AQPSO can be described as follows.

(1) Obtain feature vectors from train corpus and test
corpus and construct prototype pattern V

𝑘
(𝑘 =

1, 2, . . .) and test pattern 𝑞
𝑙
(𝑙 = 1, 2, . . .).

(2) Calculate initial order parameter 𝜉
𝑙𝑘
according to (6).

(3) Set 𝜆
𝑘
, (𝑘 = 1, 2, . . . , 𝑚) according to (7).

(4) Optimization algorithms are used to search the global
optimum parameters (𝛼, 𝐵, 𝐶) of SNN in the corre-
sponding parameter space.

(5) Get best mangrove categories through the evaluation
of order parameter equation (5).

4. Experiment

In the experiment, we take 10 mangrove images as training
samples.The size of images is 320×320. The categories of the
mangrove images are shown as Table 1.

The prototype pattern of training samples is shown in
Figure 3.

The corresponding adjoint mode V+
𝑘
is shown in Figure 4.

In the next section, we use different mangrove images to
test the performance of our proposed model.
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Figure 2: Parameters optimization of SNN based on AQPSO algorithm.

C1 C2 C3 C4 C5

C6 C7 C8 C9 C10

Figure 3: The corresponding prototype pattern of training samples.

Table 1: Mangrove categories.

Class name Mangrove
C1 Avicennia
C2 Lumnitzera
C3 Pelliciera
C4 Conocarpus
C5 Nypa
C6 Rhizophora
C7 mucronata
C8 Ceriops
C9 Bruguiera
C10 Sonneratia

4.1. Recognition of Single Mangrove Image

4.1.1. Recognition of Noisy Images. The samples to be identi-
fied are formed by adding noise to the original image, without
translation, rotation, or scaling, as shown in Figure 5.

According to the stability analysis method, it can get
fast and stable convergent curves when setting network

parameters 𝐵 = 𝐶 = 1. The recognition process is shown
in Figure 6.

From Figure 7, we can find category C1 eventually won
through the competition.The evolution curve of competitive
process could converge quickly and became stable after the
95th iterations.

4.1.2. Recognition of Incomplete Image. The incomplete image
to be identified is shown in Figure 8.

The evolution curve is shown in Figure 9.
From Figure 9, we can find the initial order parameter of

category C3 is not the biggest at the beginning (the biggest is
C7); however, it eventually won through the competition and
desired pattern is recognized. In this process, the category of
ambiguous mangrove image will be determined. Meanwhile,
the convergence rate of the competitive process could con-
verge quickly and became stable after the 85th iterations.

4.2. Recognition of Large-Scale Images. We take 10 mangrove
images as training samples. The size of image is 320 × 320.
We get 120 test images by various processing methods, such
as adding noise, rotation, scaling, cropping, and fuzziness on
the training samples.
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C1 C2 C3 C4 C5

C6 C7 C8 C9 C10

Figure 4: The corresponding adjoint pattern.

Figure 5: Noisy sample to be identified.

For comparison, we use four strategies:

SNN: mangroves classification based on SNN,
SNN + PSO: mangroves classification based on SNN
and PSO,
SNN+QPSO:mangroves classification based on SNN
and QPSO,
SNN + AQPSO: mangroves classification based on
SNN and AQPSO.

The experiments are implemented in a notebook PC
(LenovoThinkPadT430)which includes a 2.5GHzCPUwith
4GB RAM.The operating system is Windows 7.

The parameter setting of PSO is shown as Table 2.
The parameter setting of QPSO and AQPSO is shown as

Table 3.
The results are shown in Table 4. Each point is made from

average values of over 30 repetitions.

Table 2: The parameter setting of PSO.

Algorithm Population
size C1 C2 Maximum number

of iterations
PSO 30 2 2 20

Table 3: The parameter setting of QPSO and AQPSO.

Algorithm Population
size 𝑀

𝑐
𝑚
𝑐

Maximum number
of iterations

QPSO 30 3 0.005 20
AQPSO 30 3 0.005 20

Table 4: The testing performance comparison among different
optimization methods.

Algorithm SNN SNN + PSO SNN + QPSO SNN + AQPSO
Accurate
rate (%) 70.8 82.5 83.3 85.8

Time (s) 79 552 528 516

Table 5: The performances of SNN + QPSO and SNN + AQPSO.

Algorithm Mean (%) SD Time (s) Iterations
SNN + QPSO 83.3 0.072 528 12
SNN + AQPSO 85.8 0.052 516 8

FromTables 4 and 5, we can see nomodel performs better
than others for all evaluation indicators, but the accurate rates
of all the three parameter optimization models (SNN + PSO,
SNN + QPSO, and SNN + AQPSO) are comparable to SNN
model. The reason is that the attention parameters are very
important for SNN and optimization algorithm is essential
for better performance.

SNN+AQPSOcan effectively improve accurate rate com-
paredwith the standard PSO algorithm andQPSO algorithm.
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Figure 6: The recognition process.
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Figure 7: The evolution curve of order parameter.

The new behaviors of particle swarm presented in this paper
are essential for better performance. At the same time,
the behavior selection can enhance decision making ability
of behavior selection. On the convergence time, there is
a significant improvement as expected. In conclusion, the
improved algorithm has better global search ability and fast
convergence speed.

The convergence curve is shown in Figure 10. We can
see there is a significant improvement as expected on the
convergence accuracy. The experiment results show the
improvedQPSOhas better global and local parameter search-
ing abilities.

5. Conclusions

In the paper, we construct an improved quantum particle
swarm optimization. Experiments on mangroves classifica-
tion show the improved algorithm has more powerful global
exploration ability with faster convergence speed.

We got the following conclusions.

Figure 8: Incomplete sample.
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Figure 9: The evolution curve of order parameter.

(1) Themangroves classification procedure can be viewed
as the competition progress of many order param-
eters. The order parameter can reflect the similarity
between the prototype and test pattern better.
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(2) The AQPSO has both global and local search ability
and can effectively choose network parameters of
SNN.

In the future, we will focus on the following two aspects.

(1) The network parameters of SNN are very important
for better recognition performance. The change of
attention parameters will lead to complete different
recognition results. We will use other optimization
algorithms to search the global optimum parameters
of SNN in the corresponding parameter space.

(2) The behavior of particle swarm has a critical influence
for better performance. In the future, we will intro-
duce some new behaviors and apply this idea to other
optimization tasks.

Conflict of Interests

The author declares that there is no conflict of interests
regarding the publication of this paper.

References

[1] J. Sun, B. Feng, and W. Xu, “Particle swarm optimization
with particles having quantum behavior,” in Proceedings of the
Congress on Evolutionary Computation (CEC ’04), vol. 1, pp.
325–331, June 2004.

[2] P.Moore andG. K. Venayagamoorthy, “Evolving combinational
logic circuits using a hybrid quantum evolution and particle
swarm inspired algorithm,” in Proceedings of the NASA/DoD
Conference on Evolvable Hardware (EH ’05), pp. 97–102, July
2005.

[3] A. Bagheri, H.Mohammadi Peyhani, andM. Akbari, “Financial
forecasting usingANFIS networkswithQuantum-behaved Par-
ticle Swarm Optimization,” Expert Systems with Applications,
vol. 41, no. 14, pp. 6235–6250, 2014.

[4] P. Jia, F. Tian, S. Fan, Q. He, J. Feng, and S. X. Yang, “A novel
sensor array and classifier optimization method of electronic
nose based on enhanced quantum-behaved particle swarm
optimization,” Sensor Review, vol. 34, no. 3, pp. 304–311, 2014.

[5] H. Ye, W. Luo, and Z. Li, “Convergence analysis of particle
swarm optimizer and its improved algorithm based on velocity
differential evolution,” Computational Intelligence and Neuro-
science, vol. 2013, Article ID 384125, 7 pages, 2013.

[6] S. Ch, N. Anand, B. K. Panigrahi, and S. Mathur, “Streamflow
forecasting by SVM with quantum behaved particle swarm
optimization,” Neurocomputing, vol. 101, pp. 18–23, 2013.

[7] M. Jamalipour, R. Sayareh, M. Gharib, F. Khoshahval, andM. R.
Karimi, “Quantum behaved Particle Swarm Optimization with
Differential Mutation operator applied to WWER-1000 in-core
fuel management optimization,” Annals of Nuclear Energy, vol.
54, pp. 134–140, 2013.

[8] A. R. Behjat, A. Mustapha, H. Nezamabadi-Pour, M. N.
Sulaiman, and N. Mustapha, “Feature subset selection using
binary quantum particle swarm optimization for spam detec-
tion system,”Advanced Science Letters, vol. 20, no. 1, pp. 188–192,
2014.

[9] J. Zhang and L. Shen, “An improved fuzzy c-means clustering
algorithm based on shadowed sets and PSO,” Computational
Intelligence and Neuroscience, vol. 2014, Article ID 368628, 10
pages, 2014.

[10] N. G. Hedeshi and M. S. Abadeh, “Coronary artery disease
detection using a fuzzy-boosting PSO approach,” Computa-
tional Intelligence andNeuroscience, vol. 2014, Article ID 783734,
12 pages, 2014.

[11] J. Sun,W.Xu, andB. Feng, “A global search strategy of quantum-
behaved particle swarm optimization,” in Proceedings of the
IEEE Conference on Cybernetics and Intelligent Systems, pp. 111–
116, December 2004.

[12] L. D. S. Coelho, “A quantum particle swarm optimizer with
chaotic mutation operator,” Chaos, Solitons & Fractals, vol. 37,
no. 5, pp. 1409–1418, 2008.

[13] Y. Guofu, “An improved quantum particle swarm optimization
algorithm based on real coding method,” International Journal
of Advancements in Computing Technology, vol. 4, no. 3, pp. 181–
188, 2012.

[14] D. M. Alongi, “Present state and future of the world’s mangrove
forests,” Environmental Conservation, vol. 29, no. 3, pp. 331–349,
2002.

[15] L. Wei, T. Balz, M. Liao, and L. Zhang, “TerraSAR-X StripMap
data interpretation of complex urban scenarios with 3D SAR
tomography,” Journal of Sensors, vol. 2014, Article ID 386753, 7
pages, 2014.

[16] B. W. Heumann, “Satellite remote sensing of mangrove forests:
recent advances and future opportunities,” Progress in Physical
Geography, vol. 35, no. 1, pp. 87–108, 2011.

[17] C. Giri, E. Ochieng, L. L. Tieszen et al., “Status and distribution
of mangrove forests of the world using earth observation
satellite data,” Global Ecology and Biogeography, vol. 20, no. 1,
pp. 154–159, 2011.

[18] R. Jing and L. Kong, “Boundary detection method for large-
scale coverage holes in wireless sensor network based on
minimum critical threshold constraint,” Journal of Sensors, vol.
2014, Article ID 985854, 13 pages, 2014.



8 Journal of Sensors

[19] Y. Luo, M. Liao, J. Yan, and C. Zhang, “A multi-features fusion
support vector machine method (MF-SVM) for classification
of mangrove remote sensing image,” Journal of Computational
Information Systems, vol. 8, no. 1, pp. 323–334, 2012.
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Recently, convolutional neural networks have demonstrated excellent performance on various visual tasks, including the
classification of common two-dimensional images. In this paper, deep convolutional neural networks are employed to classify
hyperspectral images directly in spectral domain. More specifically, the architecture of the proposed classifier contains five layers
with weights which are the input layer, the convolutional layer, the max pooling layer, the full connection layer, and the output
layer. These five layers are implemented on each spectral signature to discriminate against others. Experimental results based on
several hyperspectral image data sets demonstrate that the proposed method can achieve better classification performance than
some traditional methods, such as support vector machines and the conventional deep learning-based methods.

1. Introduction

The hyperspectral imagery (HSI) [1] is acquired by remote
sensers, which are characterized in hundreds of observa-
tion channels with high spectral resolution. Taking advan-
tages of the rich spectral information, numerous traditional
classification methods, such as 𝑘-nearest-neighbors (𝑘-nn),
minimum distance, and logistic regression [2], have been
developed. Recently, some more effective feature extraction
methods as well as advanced classifiers were proposed, such
as spectral-spatial classification [3] and local Fisher discrim-
inant analysis [4]. In the current literatures, support vector
machine (SVM) [5, 6] has been viewed as an efficient and
stablemethod for hyperspectral classification tasks, especially
for the small training sample sizes. SVM seeks to separate
two-class data by learning an optimal decision hyperplane
which best separates the training samples in a kernel-
included high-dimensional feature space. Some extensions of
SVM in hyperspectral image classification were presented to
improve the classification performance [3, 7, 8].

Neural networks (NN), such as multilayer perceptron
(MLP) [9] and radial basis function (RBF) [10] neural net-
works, have already been investigated for classification of
remote sensing data. In [11], the authors proposed a semi-
supervised neural network framework for large-scale HSI
classification. Actually, in remote sensing classification tasks,
SVM is superior to the traditional NN in terms of classi-
fication accuracy as well as computational cost. In [12], a
deeper architecture of NN has been considered a powerful
model for classification, whose classification performance is
competitive to SVM.

Deep learning-based methods achieve promising perfor-
mance in many fields. In deep learning, the convolutional
neural networks (CNNs) [12] play a dominant role for pro-
cessing visual-related problems. CNNs are biologically-
inspired and multilayer classes of deep learning models that
use a single neural network trained end to end from raw
image pixel values to classifier outputs. The idea of CNNs
was firstly introduced in [13], improved in [14], and refined
and simplified in [15, 16]. With the large-scale sources
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of training data and efficient implementation on GPUs,
CNNs have recently outperformed some other conventional
methods, even human performance [17], on many vision-
related tasks, including image classification [18, 19], object
detection [20], scene labeling [21], house number digit
classification [22], and face recognition [23]. Besides vision
tasks, CNNs have been also applied to other areas, such as
speech recognition [24, 25]. The technique has been verified
as an effective class of models for understanding visual
image content, giving some state-of-the-art results on visual
image classification and other visual-related problems. In
[26], the authors presented DNN for HSI classification, in
which stacked autoencoders (SAEs) were employed to extract
discriminative features.

CNNs have been demonstrated to provide even better
classification performance than the traditional SVM classi-
fiers [27] and the conventional deep neural networks (DNNs)
[18] in visual-related area. However, since CNNs have been
only considered on visual-related problems, there are rare
literatures on the technique with multiple layers for HSI
classification. In this paper, we have found that CNNs can
be effectively employed to classify hyperspectral data after
building appropriate layer architecture. According to our
experiments, we observe that the typical CNNs, such as
LeNet-5 [14] with two convolutional layers, are actually not
applicable for hyperspectral data. Alternatively, we present a
simple but effective CNN architecture containing five layers
with weights for supervised HSI classification. Several exper-
iments demonstrate excellent performance of our proposed
method compared to the classic SVM and the conventional
deep learning architecture. As far as we know, it is the first
time to employ the CNN with multiple layers for HSI classi-
fication.

The paper is organized as follows. In Section 2, we give
a brief introduction to CNNs. In Section 3, the typical
CNN architecture and the corresponding training process
are presented. In Section 4, we experimentally compare the
performance of our method with SVM and some neural
networks with different architectures. Finally, we conclude by
summarizing our results in Section 5.

2. CNNs

CNNs represent feed-forward neural networks which consist
of various combinations of the convolutional layers, max
pooling layers, and fully connected layers and exploit spatially
local correlation by enforcing a local connectivity pattern
between neurons of adjacent layers. Convolutional layers
alternate with max pooling layers mimicking the nature of
complex and simple cells in mammalian visual cortex [28].
A CNN consists of one or more pairs of convolution andmax
pooling layers and finally ends with a fully connected neural
networks. A typical convolutional network architecture is
shown in Figure 1 [24].

In ordinary deep neural networks, a neuron is connected
to all neurons in the next layer. CNNs are different from
ordinary NN in that neurons in convolutional layer are only
sparsely connected to the neurons in the next layer, based
on their relative location. That is to say, in a fully connected

Filter size

Pooling size

Input

Shared weights

Convolutional layer

Max pooling layer

Fully connected layer

h1 h2 h3 h4 h5 h6

W

V �1 �2 �3 �4 �5 �6

Figure 1: A typical CNN architecture consisting of a convolutional
layer, a max pooling layer, and a fully connected layer.

DNNs, each hidden activation ℎ
𝑖
is computed by multiplying

the entire input V by weights W in that layer. However, in
CNNs, each hidden activation is computed by multiplying
a small local input against the weights W. The weights W
are then shared across the entire input space, as shown in
Figure 1. Neurons that belong to the same layer share the same
weights. Weight sharing is a critical principle in CNNs since
it helps reduce the total number of trainable parameters and
leads to more efficient training and more effective model. A
convolutional layer is usually followed by amax pooling layer.

Due to the replication of weights in a CNN, a feature may
be detected across the input data. If an input image is shifted,
the neuron detecting the feature is shifted as much. Pooling is
used to make the features invariant from the location, and it
summarizes the output of multiple neurons in convolutional
layers through a pooling function. Typical pooling function
is maximum. A max pooling function basically returns the
maximum value from the input. Max pooling partitions the
input data into a set of nonoverlapping windows and outputs
the maximum value for each subregion and reduces the
computational complexity for upper layers and provides a
form of translation invariance. To be used for classification,
the computation chain of a CNN ends in a fully connected
network that integrates information across all locations in all
the feature maps of the layer below.

Most of CNNs working in image recognition have the
lower layers composed to alternate convolutional and max
pooling layers, while the upper layers are fully connected
traditional MLP NNs. For example, LeNet-5 is such a CNN
architecture presented for handwritten digit recognition [14]
firstly and then it is successfully used for solving other visual-
related problems. However, LeNet-5 might not be directly
employed for HSI classification, especially for small-size data
sets, according to our experiments in Section 4. In this paper,
we will explore what is the suitable architecture and strategy
for CNN-based HSI classification.
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Figure 2: Spectral signatures of the 9 classes selected from University of Pavia data set with 103 channels/spectral bands.

3. CNN-Based HSI Classification

3.1. Applying CNNs to HSI Classification. The hierarchical
architecture of CNNs is gradually proved to be the most
efficient and successful way to learn visual representations.
The fundamental challenge in such visual tasks is to model
the intraclass appearance and shape variation of objects. The
hyperspectral data with hundreds of spectral channels can
be illustrated as 2D curves (1D array) as shown in Figure 2
(9 classes are selected from the University of Pavia data set).
We can see that the curve of each class has its own visual
shape which is different from other classes, although it is
relatively difficult to distinguish some classes with human eye
(e.g., gravel and self-blocking bricks). We know that CNNs
can achieve competitive and even better performance than
human being in some visual problems, and its capability
inspires us to study the possibility of applying CNNs for HSI
classification using the spectral signatures.

3.2. Architecture of the Proposed CNN Classifier. The CNN
varies in how the convolutional and max pooling layers
are realized and how the nets are trained. As illustrated in

C1: feature maps M2: feature maps OutputF3

Convolution
Max pooling Full connection Full connection

Input

Sharing same weights

1@n1 × 1 20@n2 × 1 20@n3 × 1 n4 n5

· · ·

· · ·
...

...

Figure 3:The architecture of the proposedCNNclassifier.The input
represents a pixel spectral vector, followed by a convolution layer
and a max pooling layer in turns to compute a set of 20 feature maps
classified with a fully connected network.

Figure 3, the net contains five layers with weights, including
the input layer, the convolutional layer C1, the max pooling
layer M2, the full connection layer F3, and the output layer.
Assuming 𝜃 represents all the trainable parameters (weight
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values), 𝜃 = {𝜃
𝑖
} and 𝑖 = 1, 2, 3, 4, where 𝜃

𝑖
is the parameter

set between the (𝑖 − 1)th and the 𝑖th layer.
In HSI, each HSI pixel sample can be regarded as a 2D

image whose height is equal to 1 (as 1D audio inputs in
speech recognition). Therefore, the size of the input layer is
just (𝑛

1
, 1), and 𝑛

1
is the number of bands. The first hidden

convolutional layer C1 filters the 𝑛
1
× 1 input data with 20

kernels of size 𝑘
1
×1. Layer C1 contains 20×𝑛

2
×1 nodes, and

𝑛
2
= 𝑛
1
− 𝑘
1
+ 1. There are 20 × (𝑘

1
+ 1) trainable parameters

between layer C1 and the input layer. The max pooling layer
M2 is the second hidden layer, and the kernel size is (𝑘

2
, 1).

Layer M2 contains 20 × 𝑛
3
× 1 nodes, and 𝑛

3
= 𝑛
2
/𝑘
2
.

There is no parameter in this layer. The fully connected layer
F3 has 𝑛

4
nodes and there are (20 × 𝑛

3
+ 1) × 𝑛

4
trainable

parameters between this layer and layer M2.The output layer
has 𝑛
5
nodes, and there are (𝑛

4
+ 1) × 𝑛

5
trainable parameters

between this layer and layer F3.Therefore, the architecture of
our proposed CNN classifier totally has 20 × (𝑘

1
+ 1) + (20 ×

𝑛
3
+ 1) × 𝑛

4
+ (𝑛
4
+ 1) × 𝑛

5
trainable parameters.

Classifying a specified HSI pixel requires the correspond-
ing CNN with the aforementioned parameters, where 𝑛

1
and

𝑛
5
are the spectral channel size and the number of output

classes of the data set, respectively. In our experiments, 𝑘
1
is

better to be ⌈𝑛
1
/9⌉, and 𝑛

2
= 𝑛
1
−𝑘
1
+1. 𝑛
3
can be any number

between 30 and 40, and 𝑘
2
= ⌈𝑛
2
/𝑛
3
⌉. 𝑛
4
is set to be 100.These

choices might not be the best but are effective for general HSI
data.

In our architecture, layer C1 and M2 can be viewed as a
trainable feature extractor to the input HSI data, and layer
F3 is a trainable classifier to the feature extractor. The output
of subsampling is the actual feature of the original data. In
our proposed CNN structure, 20 features can be extracted
from each original hyperspectral, and each feature has 𝑛

3

dimensions.
Our architecture has some similarities to architectures

that applied CNN for frequency domain signal in speech
recognition [24, 25]. We think it is caused by the similarity
between 1D input of speech spectrum and hyperspectral data.
Different from [24, 25], our network varies according to the
spectral channel size and the number of output classes of
input HSI data.

3.3. Training Strategies. Here, we introduce how to learn
the parameter space of the proposed CNN classifier. All the
trainable parameters in our CNN should be initialized to
be a random value between −0.05 and 0.05. The training
process contains two steps: forward propagation and back
propagation. The forward propagation aims to compute the
actual classification result of the input data with current
parameters. The back propagation is employed to update
the trainable parameters in order to make the discrepancy
between the actual classification output and the desired
classification output as small as possible.

3.3.1. Forward Propagation. Our (𝐿 + 1)-layer CNN network
(𝐿 = 4 in this work) consists of 𝑛

1
input units in layer

INPUT, 𝑛
5
output units in layer OUTPUT, and several so-

called hidden units in layers C2, M3, and F4. Assuming x
𝑖
is

the input of the 𝑖th layer and the output of the (𝑙 − 1)th layer,
then we can compute x

𝑖+1
as

x
𝑖+1

= 𝑓
𝑖
(u
𝑖
) , (1)

where

u
𝑖
= W𝑇
𝑖
x
𝑖
+ b
𝑖
, (2)

and W𝑇
𝑖
is a weight matrix of the 𝑖th layer acting on the

input data, and b
𝑖
is an additive bias vector for the 𝑖th

layer. 𝑓
𝑖
(⋅) is the activation function of the 𝑖th layer. In

our designed architecture, we choose the hyperbolic tangent
function tanh(u) as the activation function in layer C1 and
layer F3.The maximum function max(u) is used in layer M2.
Since the proposed CNN classifier is a multiclass classifier,
the output of layer F3 is fed to 𝑛

5
way softmax function

which produces a distribution over the 𝑛
5
class labels, and the

softmax regression model is defined as

y = 1

∑
𝑛
5

𝑘=1
𝑒
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x
𝐿
+b
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]

. (3)

The output vector y = x
𝐿+1

of the layer OUTPUT denotes
the final probability of all the classes in the current iteration.

3.3.2. Back Propagation. In the back propagation stage, the
trainable parameters are updated by using the gradient
descent method. It is realized by minimizing a cost function
and computing the partial derivative of the cost functionwith
respect to each trainable parameter [29]. The loss function
used in this work is defined as

𝐽 (𝜃) = −
1

𝑚

𝑚

∑

𝑖=1

𝑛
5

∑

𝑗=1

1 {𝑗 = Y(𝑖)} log (y(𝑖)
𝑗
) , (4)

where 𝑚 is the number of training samples. Y is the desired
output. y(𝑖)

𝑗
is the 𝑗th value of the actual output y(𝑖) (see (3)) of

the 𝑖th training sample and is a vector whose size is 𝑛
5
. In the

desired output 𝑌(𝑖) of the 𝑖th sample, the probability value of
the labeled class is 1, and the probability values of other classes
are 0. 1{𝑗 = Y(𝑖)}means, if 𝑗 is equal to the desired label of the
𝑖th training sample, its value is 1; otherwise, its value is 0. We
add a minus sign to the front of 𝐽(𝜃) in order to make the
computation more convenient.

The derivative of the loss function with respect to u
𝑖
is

𝛿
𝑖
=

𝜕𝐽

𝜕u
𝑖

=
{

{

{

− (Y − y) ∘ 𝑓 (u
𝑖
) , 𝑖 = 𝐿

(W𝑇
𝑖
𝛿
𝑖+1
) ∘ 𝑓

(u
𝑖
) , 𝑖 < 𝐿,

(5)

where ∘ denotes element-wise multiplication. 𝑓(u
𝑖
) can be

easily represented as

𝑓

(u
𝑖
) =

{{{{

{{{{

{

(1 − 𝑓 (u
𝑖
)) ∘ (1 + 𝑓 (u

𝑖
)) , 𝑖 = 1, 3

null, 𝑖 = 2

𝑓 (u
𝑖
) ∘ (1 − 𝑓 (u

𝑖
)) , 𝑖 = 4.

(6)
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⊳ Constructing the CNNModel
function INITCNNMODEL (𝜃, [𝑛

1–5])
layerType = [convolution, max-pooling, fully-connected, fully-connected];
layerActivation = [tanh(), max(), tanh(), softmax()]
model = new Model();
for 𝑖 = 1 to 4 do
layer = new Layer();
layer.type = layerType[𝑖];
layer.inputSize = 𝑛

𝑖

layer.neurons = new Neuron [𝑛
𝑖+1
];

layer.params = 𝜃
𝑖
;

model.addLayer(layer);
end for
returnmodel;

end function
⊳ Training the CNNModel
Initialize learning rate 𝛼, number of max iteration ITERmax, min error ERRmin, training
batchs BATCHEStraining, bach size SIZEbatch, and so on;
Compute 𝑛

2
, 𝑛
3
, 𝑛
4
, 𝑘
1
, 𝑘
2
, according to 𝑛

1
and 𝑛

5
;

Generate random weights 𝜃 of the CNN;
cnnModel = InitCNNModel(𝜃, [𝑛

1–5]);
iter = 0; err = +inf;
while err > ERRmin and iter < ITERmax do
err = 0;
for bach = 1 to BATCHEStraining do
[∇
𝜃
𝐽(𝜃), 𝐽(𝜃)] = cnnModel.train (TrainingDatas, TrainingLabels), as (4) and (8);

Update 𝜃 using (7);
err = err + mean(𝐽(𝜃));

end for
err = err/BATCHEStraining;
iter++;

end while
Save parameters 𝜃 of the CNN;

Algorithm 1: Our CNN-based method.

Therefore, on each iteration, we would perform the update

𝜃 = 𝜃 − 𝛼 ⋅ ∇
𝜃
𝐽 (𝜃) (7)

for adjusting the trainable parameters, where 𝛼 is the learning
factor (𝛼 = 0.01 in our implementation), and

∇
𝜃
𝐽 (𝜃) = {

𝜕𝐽

𝜕𝜃
1

,
𝜕𝐽

𝜕𝜃
2

, . . . ,
𝜕𝐽

𝜕𝜃
𝐿

} . (8)

We know that 𝜃
𝑖
containsW

𝑖
and b

𝑖
, and

𝜕𝐽

𝜕𝜃
𝑖

= {
𝜕𝐽

𝜕W
𝑖

,
𝜕𝐽

𝜕b
𝑖

} , (9)

where

𝜕𝐽

𝜕W
𝑖

=
𝜕𝐽

𝜕u
𝑖

∘
𝜕u
𝑖

𝜕W
𝑖

=
𝜕𝐽

𝜕u
𝑖

∘ x
𝑖
= 𝛿
𝑖
∘ x
𝑖
,

𝜕𝐽

𝜕b
𝑖

=
𝜕𝐽

𝜕u
𝑖

∘
𝜕u
𝑖

𝜕b
𝑖

=
𝜕𝐽

𝜕u
𝑖

= 𝛿
𝑖
.

(10)

With an increasing number of training iteration, the
return of the cost function is smaller, which indicates that
the actual output is closer to the desired output.The iteration
stops when the discrepancy between them is small enough.
We use average sum of squares to represent the discrepancy.
Finally, the trained CNN is ready for HSI classification. The
summary of the proposed algorithm is shown in Algorithm 1.

3.4. Classification. Since the architecture and all correspond-
ing trainable parameters are specified, we can build the
CNN classifier and reload saved parameters for classifying
HSI data. The classification process is just like the forward
propagation step, in which we can compute the classification
result as (3).

4. Experiments

All the programs are implemented using Python language
and Theano [30] library. Theano is a Python library that
makes us easily define, optimize, and evaluate mathematical
expressions involvingmultidimensional arrays efficiently and
conveniently on GPUs. The results are generated on a PC
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Table 1: Number of training and test samples used in the Indian
Pines data set.

Number Class Training Test
1 Corn-notill 200 1228
2 Corn-mintill 200 630
3 Grass-pasture 200 283
4 Hay-windrowed 200 278
5 Soybean-notill 200 772
6 Soybean-mintill 200 2255
7 Soybean-clean 200 393
8 Woods 200 1065

Total 1600 6904

equipped with an Intel Core i7 with 2.8GHz and Nvidia
GeForce GTX 465 graphics card.

4.1.TheData Sets. Threehyperspectral data, including Indian
Pines, Salinas, and University of Pavia scenes, are employed
to evaluate the effectiveness of the proposed method. For
all the data, we randomly select 200 labeled pixels per class
for training and all other pixels in the ground truth map for
test. Development data are derived from the available training
data by further dividing them into training and testing
samples for tuning the parameters of the proposed CNN
classifier. Furthermore, each pixel is scaled to [−1.0, +1.0]

uniformly.
The Indian Pines data set was gathered by Airborne

Visible/Infrared Imaging Spectrometer (AVIRIS) sensor in
northwestern Indiana. There are 220 spectral channels in the
0.4 to 2.45 𝜇m region of the visible and infrared spectrum
with a spatial resolution of 20m. From the statistical view-
point, we discard some classes which only have few labeled
samples and select 8 classes for which the numbers of training
and testing samples are listed in Table 1.The layer parameters
of this data set in the proposed CNN classifier are set as
follows: 𝑛

1
= 220, 𝑘

1
= 24, 𝑛

2
= 197, 𝑘

2
= 5, 𝑛

3
= 40, 𝑛

4
=

100, and 𝑛
5
= 8, and the number of total trainable parameters

in the data set is 81408.
The second data employed was also collected by the

AVIRIS sensor, capturing an area over Salinas Valley,
California, with a spatial resolution of 3.7m. The image
comprises 512×217 pixels with 220 bands. It mainly contains
vegetables, bare soils, and vineyard fields (http://www.ehu.es/
ccwintco/index.php/Hyperspectral Remote Sensing Scenes).
There are also 16 different classes, and the numbers of training
and testing samples are listed in Table 2.The layer parameters
of this data set in our CNN are set to be 𝑛

1
= 224, 𝑘

1
= 24,

𝑛
2
= 201, 𝑘

2
= 5, 𝑛

3
= 40, 𝑛

4
= 100, and 𝑛

5
= 16, and the

number of total trainable parameters in the data set is 82216.
The University of Pavia data set was collected by the

Reflective Optics System Imaging Spectrometer (ROSIS)
sensor. The image scene, with a spatial coverage of 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 water

Table 2: Number of training and test samples used in the Salinas
data set.

Number Class Training Test
1 Broccoli green weeds 1 200 1809
2 Broccoli green weeds 2 200 3526
3 Fallow 200 1776
4 Fallow rough plow 200 1194
5 Fallow smooth 200 2478
6 Stubble 200 3759
7 Celery 200 3379
8 Grapes untrained 200 11071
9 Soil vineyard develop 200 6003
10 Corn senesced green weeds 200 3078
11 Lettuce romaine, 4 wk 200 868
12 Lettuce romaine, 5 wk 200 1727
13 Lettuce romaine, 6 wk 200 716
14 Lettuce romaine, 7 wk 200 870
15 Vineyard untrained 200 7068
16 Vineyard vertical trellis 200 1607

Total 3200 50929

Table 3: Number of training and test samples used in University of
Pavia data set.

Number Class Training Test
1 Asphalt 200 6431
2 Meadows 200 18449
3 Gravel 200 1899
4 Trees 200 2864
5 Sheets 200 1145
6 Bare soil 200 4829
7 Bitumen 200 1130
8 Bricks 200 3482
9 Shadows 200 747

Total 1800 40976

band removal. It has a spectral coverage from 0.43 to 0.86 𝜇m
and a spatial resolution of 1.3m. Approximately 42776 labeled
pixels with 9 classes are from the ground truth map, and the
numbers of training and testing samples are shown in Table 3.
The layer parameters of this data set in our CNN are set to be
𝑛
1
= 103, 𝑘

1
= 11, 𝑛

2
= 93, 𝑘

2
= 3, 𝑛

3
= 30, 𝑛

4
= 100, and

𝑛
5
= 9, and the number of total trainable parameters in the

data set is 61249.

4.2. Results and Comparisons. Table 4 provides the com-
parison of classification performance between the pro-
posed method and the traditional SVM classifier. SVM
with RBF kernel is implemented using the libsvm package
(http://www.csie.ntu.edu.tw/∼cjlin/libsvm); cross validation
is also employed to determine the related parameters, and
all optimal ones are used in following experiments. It is
obvious that our proposed method has better performance
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Corn-notill Corn-mintill Grass-pasture
Soybean-notill Soybean-mintill Soybean-clean Woods

Hay-windrowed

Figure 4: RGB composition maps resulting from classification for the Indian Pines data set. From left to right: ground truth, RBF-SVM, and
the proposed method.

Fallow
Fallow rough plow
Fallow smooth
Stubble
Celery
Grapes untrained
Soil vineyard develop
Corn senesced green weeds

Vineyard untrained
Vineyard vertical trellis

Broccoli green weeds 1
Broccoli green weeds 2

Lettuce romaine, 4wk
Lettuce romaine, 5wk
Lettuce romaine, 6wk
Lettuce romaine, 7wk

Figure 5: RGB composition maps resulting from classification for the Salinas data set. From left to right: ground truth, RBF-SVM, and the
proposed method.

Asphalt Meadows Gravel Trees Sheets
Bare soil Bitumen Bricks Shadows

Figure 6:Thematicmaps resulting from classification forUniversity
of Pavia data set. From left to right: ground truth, RBF-SVM, and the
proposed method.

(approximate 2% gain) than SVM classifier using all the three
data sets. Figures 4, 5, and 6 illustrate the corresponding
classification maps obtained with our proposed method
and RBF-SVM classifier. Furthermore, compared with RBF-
SVM, the proposed CNN classifier has higher classification
accuracy not only for the overall data set but also for almost
all the specific classes as shown in Figure 7.

Figure 8 further illustrates the relationship between clas-
sification accuracies and the training time (the test time is

Table 4: Comparison of results between the proposed CNN and
RBF-SVM using three data sets.

Data set The proposed CNN RBF-SVM
Indian Pines 90.16% 87.60%
Salinas 92.60% 91.66%
University of Pavia 92.56% 90.52%

Table 5: Results of comparison with different neural networks on
the Indian Pines data set.

Method Training time Testing time Accuracy
Two-layer NN 2800 s 1.65 s 86.49%
DNN 6500 s 3.21 s 87.93%
LeNet-5 5100 s 2.34 s 88.27%
Our CNN 4300 s 1.98 s 90.16%

also included) for three experimental data sets. With the
increasing of training time, the classification accuracy of
each data can reach over 90%. We must admit that the
training process is relatively time-consuming to achieve good
performance; however, the proposed CNN classifier shares
the same advantages (e.g., fast on testing) of deep learning
algorithms (see Table 5). Moreover, our implementation of
CNN could be improved greatly on efficiency, or we can use
other CNN frameworks, such as Caffe [31], to reduce training
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Figure 7: Classification accuracies of all the classes for experimental data sets. From (a) to (c): Indian Pines, Salinas, and University of Pavia.
The class number is corresponding to the first column in Tables 1, 2, and 3.

and test time. According to our experiments, it takes only 5
minutes to achieve 90% accuracy on MNIST dataset [32] by
using Caffe compared to more than 120 minutes by using our
implemented framework.

Figure 9 illustrates the relationship between cost value
(see (4)) and the training time for the University of Pavia
data set. The value of the loss function is reduced with an
increasing number of training iteration, which demonstrates
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Figure 8: Classification accuracies versus the training time for experimental data sets. From (a) to (c): Indian Pines, Salinas, and University
of Pavia. Note that the test time is also included in the training time.

the convergence of our network with only 200 training
samples for each class.Moreover, the cost value is still reduced
after 5-minute training, but the corresponding test accuracy
is relatively stable (see Figure 8(a)), which indicates the
overfitting problem in this network.

To further verify that the proposed classifier is suitable
for classifying data sets with limited training samples, we also
compare our CNN with RBF-SVM under different training
sizes on the University of Pavia data set as shown in Figure 10.
It is obvious that our proposed CNN consistently provides

higher accuracy than SVM. However, although the conven-
tional deep learning-based method [26] can outperform the
SVM classifier, it requires plenty of training samples for
constructing autoencoders.

To demonstrate the relationship between classification
accuracies and the visual differences of curve shapes (see
Figure 2), we present the detailed accuracies of our proposed
CNN classifiers for the University of Pavia data set in Table 6.
In the table, the cell in the 𝑖th row, 𝑗th column means the
percentage of the 𝑖th class samples (according to ground
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Table 6: The detailed classification accuracies of all the classes for University of Pavia data set.

Asphalt Meadows Gravel Trees Sheets Bare soil Bitumen Bricks Shadows
Asphalt 87.34% 0.26% 2.32% 0.00% 0.19% 0.37% 6.25% 3.25% 0.02%
Meadows 0.00% 94.63% 0.02% 1.26% 0.00% 4.03% 0.00% 0.06% 0.00%
Gravel 0.53% 0.47% 86.47% 0.00% 0.00% 0.00% 0.05% 12.43% 0.05%
Trees 0.00% 2.67% 0.00% 96.29% 0.03% 1.01% 0.00% 0.00% 0.00%
Sheets 0.00% 0.09% 0.00% 0.00% 99.65% 0.26% 0.00% 0.00% 0.00%
Bare soil 0.12% 6.15% 0.00% 0.10% 0.08% 93.23% 0.00% 0.31% 0.00%
Bitumen 6.37% 0.00% 0.35% 0.00% 0.09% 0.00% 93.19% 0.00% 0.00%
Bricks 1.90% 0.20% 10.48% 0.00% 0.06% 0.60% 0.34% 86.42% 0.00%
Shadows 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00%
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Figure 9: Cost value versus the training time for University of Pavia
data sets.

truth) which is classified to the 𝑗th class. For example, 87.34%
of class Asphalt samples are classified correctly, but 6.25% of
class Asphalt samples are wrongly classified to class Bitumen.
The percentages on diagonal line are just the classification
accuracies of corresponding classes. As for one class, the
more unique the corresponding curve shape is, the higher
accuracy the proposed CNN classifier can achieve (check
the class Shadow and class Sheets in Figure 2 and Table 6).
The more similar two curves are, the higher opportunity
they are wrongly classified to each other (check the class
Gravel and class Bricks in Figure 2 and Table 6). Further-
more, the excellent performance verifies that the proposed
CNN classifier has discriminative capability to extract subtle
visual features, which is even superior to human vision for
classifying complex curve shapes.

Finally, we also implement three other types of neural
network architectures for the Indian Pines data set using
the same training and test samples. The first one is a simple
architecture with only two fully connected layers beside the
input layer.The second one is LeNet-5 which is a classic CNN
architecture with two convolutional layers. The third one is
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Figure 10: Classification accuracies versus numbers of training
samples (each class) for the University of Pavia data sets.

a conventional deep neural networks (DNNs) with 3 hidden
fully connected layers (a 220-60-40-20-8 architecture as sug-
gested in [26]).The classification performance is summarized
in Table 5. From Table 5, we can see that our CNN classifier
achieves the highest accuracy with competitive training and
testing computational cost. LeNet-5 and DNNs cost more
time to train models due to their complex architecture,
but limited training samples restrict their capabilities of
classification (only 20% samples selected for testing in [26]
compared with 95% in our experiment). Another reason for
the difficulty that deeper CNNs and DNNs face to achieve
higher accuracies could be that the HSI lacks the type of
high frequency signal commonly seen in the computer vision
domain (see Figure 2).

5. Conclusion and Future Work

In this paper, we proposed a novel CNN-based method
for HSI classification, inspired by our observation that
HSI classification can be implemented via human vision.
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Compared with SVM-based classifier and conventional
DNN-based classifier, the proposed method could achieve
higher accuracy using all the experimental data sets, even
with a small number of training samples.

Our work is an exploration of using CNNs for HSI
classification and has excellent performance.The architecture
of our proposed CNN classifier only contains one convo-
lutional layer and one fully connected layer, due to the
small number of training samples. In the future, a network
architecture called a Siamese Network [33] might be used,
which has been proved to be robust in the situation where
the number of training samples per category is small. Some
techniques, such as Dropout [34], can also be used to
alleviate the overfitting problem caused by limited training
samples. Furthermore, recent researches in deep learning
have indicated that unsupervised learning can be employed
to train CNNs, reducing the requirement of labeled samples
significantly. Deep learning, especially deep CNNs, should
have great potentiality for HSI classification in the future.
Moreover, in the current work, we do not consider the spatial
correlation and only concentrate on the spectral signatures.
We believe that some spatial-spectral techniques also can be
applied to further improve the CNN-based classification. At
last, we plan to employ efficient deep CNN frameworks, such
as Caffe, to improve our computing performance.
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Land use and land cover (LULC)mapping in urban areas is one of the core applications in remote sensing, and it plays an important
role in modern urban planning and management. Deep learning is springing up in the field of machine learning recently. By
mimicking the hierarchical structure of the human brain, deep learning can gradually extract features from lower level to higher
level. The Deep Belief Networks (DBN) model is a widely investigated and deployed deep learning architecture. It combines
the advantages of unsupervised and supervised learning and can archive good classification performance. This study proposes a
classification approach based on the DBNmodel for detailed urban mapping using polarimetric synthetic aperture radar (PolSAR)
data. Through the DBN model, effective contextual mapping features can be automatically extracted from the PolSAR data to
improve the classification performance. Two-date high-resolution RADARSAT-2 PolSAR data over the Great Toronto Area were
used for evaluation. Comparisons with the support vector machine (SVM), conventional neural networks (NN), and stochastic
Expectation-Maximization (SEM) were conducted to assess the potential of the DBN-based classification approach. Experimental
results show that the DBN-based method outperforms three other approaches and produces homogenous mapping results with
preserved shape details.

1. Introduction

Urban land use and land cover (LULC) mapping is one of the
core applications in remote sensing. Up-to-date LULC maps
obtained by classifying remotely sensed data are essential to
modern urban planning and management. In many remote
sensing systems, the synthetic aperture radar (SAR) has long
been recognized as an effective tool for urban analysis, as it is
less influenced by solar illumination or weather conditions
in contrast to optical or infrared sensors [1]. Since more
scattering information can be collected inmultipolarizations,
polarimetric SAR (PolSAR) data have been increasingly used
for urban LULC classification [2–4].

Nevertheless, most studies about urban mapping using
SAR or PolSAR data are limited in identifying the urban
extent or mapping very few urban classes. Few studies have
focused on detailed urban mapping using SAR data. The

difficulty in detailed urbanmapping using SAR data ismainly
due to the complexity of the urban environment. The urban
environment is comprised of various natural and man-made
objects with several kinds of materials, different orientations,
various shapes and sizes, and so forth, which complicates the
interpretation of SAR images. Problems can also originate
from the nature of polarimetric SAR imaging such as inherent
SAR speckle or geometry distortions such as shadow and
layover [1, 2]. As a consequence, detailed urban mapping
using high resolution SAR data is still a challenging task.

Regarding the method of urban land cover mapping,
approaches can be generally divided into pixel-based or
object-based classification. Object-based methods, which
directly explore the contextual information to improve the
mapping accuracy, have been increasingly employed recently
[5]. By using object-based approaches, shape characteristics
and inner statistics of segmented objects can be used as
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Figure 1: Schematic of an RBM with 𝐼 visible units and 𝐽 hidden units, where𝑊 is the weight matrix.

classification features [6–8]. However, the ideal segmentation
on urban areas using SAR data is often difficult to achieve.
Pixel-based approaches have been traditionally used for
coarse-resolution SAR data with reasonable results. However,
when dealing with high-resolution SAR data, the pixel-by-
pixel approach is usually limited because of the speckles and
increased interclass variance [9]. To cope with the problem
of pixel-based approaches, some contextual analyses, such
as Markov random field (MRF), have been employed [10–
12]. Although contextual approaches [10–18] can learn the
statistics within the local neighborhood, their capability to
represent spatial patterns is limited. Moreover, although
some texture indices can be used to describe certain spatial
patterns, most of them are still limited in their relatively
simple representation capabilities [19, 20].

From the perspective of data modeling, LULC classifica-
tion methods can be grouped into parametric and nonpara-
metric approaches. Parametric approaches, such as the min-
imum distance classifier, maximum likelihood classifier, and
the expectation-maximization (EM) algorithm, often require
proper assumptions of data distribution [21]. However, for
multitemporal or multisource data, the class distributions
are hard to model. On the other hand, nonparametric
approaches, such as artificial neural networks, decision tree,
and support vector machine (SVM), are widely used in land
cover classification [22]. Nevertheless, the performance of
nonparametric approaches strongly depends on the selected
classification features.

As an advanced machine learning approach, deep learn-
ing has been successfully applied in the field of image recogni-
tion and classification in recent years [23–27]. By mimicking
the hierarchical structure of the human brain, deep learning
approaches, such asDeep Belief Networks (DBN), can exploit
complex spatiotemporal statistical patterns implied in the
studied data [28, 29]. For remotely sensed data, deep learning
approaches can automatically extractmore abstract, invariant
features, thereby facilitating land cover mapping. However,
to the best of our knowledge, no research has been reported
using deep learning for detailed urban LULC mapping on
SAR data.

The present study proposes a detailed urban LULC
mapping approach based on the popular deep learning archi-
tecture DBN. This study is one of the first attempts to apply
the deep learning approach to detailed urban classification.
Two-date high-resolution RADARSAT-2 PolSAR data over
the Great Toronto Area (GTA) have been used for evaluation.

The rest of this paper is organized as follows. Section 2
describes the proposed land cover classification approach

based on the DBN model. Section 3 introduces the data
and the process of the experiment. Section 4 presents and
discusses the experimental results. Finally, we conclude this
paper in Section 5.

2. Methodology

The proposed approach is based on the DBN model. This
section briefly reviews the principle of the DBN model and
describes the proposed method for land cover classification.

2.1. Deep Belief Networks. The DBN model was introduced
by Hinton et al. in 2006 [28] for learning complex data
patterns. It has become one of the extensively investigated and
deployed deep learning architectures [24, 25]. The DBN is a
probabilistic multilayer neural network composed of several
stacked Restricted Boltzmann Machines (RBMs) [28, 30]. In
a DBN, every two sequential hidden neural layers form an
RBM. The input of the current RBM is actually the output
features of a previous one. A DBN is therefore expected to
hierarchically explore the pattern features in several abstract
levels, given that the features obtained by a higher-level
RBM are more representative than those obtained by lower
ones. The training of DBN can be divided into two steps:
pretraining and fine-tuning. This training process is further
discussed below.

2.1.1. Restricted Boltzmann Machines. As the basic compo-
nent of a DBN, Restricted BoltzmannMachine (RBM) can be
treated as an unsupervised energy-based generative model.
An RBM consists of a layer of visible units v and a layer
of hidden units h, connected by symmetrically weighted
connections, as shown in Figure 1.

Assuming binary-valued units, the RBM defines the
energy of the joint configuration of visible and hidden units
(v, h) as
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where 𝑤
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represents the weight associated with the connec-

tion between the visible unit V
𝑖
and the hidden unit ℎ

𝑗
, 𝑎
𝑖
and

𝑏
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are the bias terms, and 𝐼 and 𝐽 are the numbers of visible

and hidden units, respectively.The RBM assigns a probability
to each configuration (v, h) using the energy function given
by

𝑝 (V, ℎ) =
𝑒
−𝐸(V,ℎ)

𝑍
, (2)
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where 𝑍 is a normalization factor obtained by summing up
the energies of all the possible (v, h) configurations:

𝑍 = ∑

V
∑

ℎ

𝑒
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. (3)

The conditional probabilities can be analytically computed as
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where 𝜎(𝑥) is the sigmoid function; that is, 𝜎(𝑥) = 1/(1+𝑒
−𝑥

).
The training process of the RBM can be described as

follows. After the random initialization of the weights and
biases, iterative training of the RBM on the training data is
performed. Given the training data on the visible units {V

𝑖
},

the states of hidden units {ℎ
𝑗
} are sampled according to (4).

This step is called the positive phase of the RBM training.
In the negative phase, the “reconstruction” of the visible
units {V

𝑖
} is obtained according to (5). The positive phase

is once more conducted to generate {ℎ


𝑗
}. Afterwards, the

RBM weights and biases can be updated by the contrastive-
divergence (CD) algorithm [31] through gradient ascent,
which can be formulated as
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(6)

where 𝜀 denotes the learning rate and ⟨⋅⟩ represents the
mathematical expectation under the corresponding data
distribution.

2.1.2. Pretraining. The DBN takes a layer-wise greedy learn-
ing strategy, in which RBMs are individually trained one after
another and then stacked on the top of each other. When
the first RBM has been trained, its parameters are fixed, and
the hidden unit values are used as the visible unit values for
the second RBM. The DBN repeats this process until the last
RBM. Since pretraining is unsupervised, no label is needed.
Unsupervised learning is believed to capture the crucial
distribution of the data and can therefore help supervise
learning when labels are provided. A batch-learning method
is usually applied to accelerate the pretraining process; that is,
theweights of the RBMs are updated everyminibatch [32, 33].

2.1.3. Fine-Tuning. After the pretraining phase, the fine-
tuning procedure is performed. A softmax output layer can
be placed on top of the last RBM as a multiclass classifier,
and the output-layer size is set to the same value as the total
number of classes. To accomplish classification by utilizing
the learned feature, we use the ordinary back-propagation
technique through the whole pretrained network to fine-
tune the weights for enhanced discriminative ability. Given

that the fine-tuning procedure is supervised learning, the
corresponding labels for the training data are needed. After
training, the predicted class label of a test sample can be
obtained by forward propagation, in which the test data pass
from the lowest-level visible layer through multi-RBM layers
to the softmax output layer.

2.2. LULC Classification Based on DBN. To better under-
stand the structure of the DBN-based LULC classification, a
flowchart is given in Figure 2. To delineate the high variance
and speckles of the PolSAR image, a neighbor window is
used for local analysis, with the to-be-classified pixel placed
at the center. Such neighbor window with size of winsize ∗

winsize can be represented by a vector formed by the pixel
values from the window. The original input feature for the
DBN consists of the processed Pauli parameters, which are
the diagonal elements (0.5|HH + VV|

2, 0.5|HH − VV|
2, and

2|HV|
2 under the reciprocal assumption) of the coherency

matrix with their logarithm form stretched by linear scaling
[2]. One kind of Pauli feature in a window is reshaped in a
vector by sequentially connecting each feature line. A Pauli
vector of a day can then be formed by connecting the three
Pauli feature vectors. For multitemporal analysis, the input to
DBN can be formed by connecting the𝑚 dates’ Pauli vectors,
with the dimension of winsize ∗ winsize ∗ 3∗ m.

For the training of DBN, Pauli vectors of the training
samples are assigned to the visible layer of the first RBM
as input training features. With a layer-by-layer pretraining
strategy, the spatiotemporal dependencies are successively
encoded in the hidden layers h(1), h(2), . . . , h(𝑛−1), and h(𝑛).
In the output layer, the labels of the training samples are
provided, and the weights of the DBN are fine-tuned in a
supervised manner.

For the prediction, the input features of the test samples
are prepared in the same way as that of the training samples.
The classification labels for the test samples can be obtained
from the forward propagation of the test features through the
trained network.

3. Data and Experiment

The study area is located in northern Greater Toronto Area
(GTA), Ontario, Canada. The ten major LULC classes in the
study area are as follows: high-density residential areas (HD),
low-density residential areas (LD), industrial and commercial
areas (Ind.), construction sites (Cons.),Water, Forest, Pasture,
golf courses (Golf), and two types of crops (Crop1 and
Crop2).

Two fine-beam full polarimetric SAR images were
acquired by the RADARSAT-2 SAR sensor on June 19,
2008, and July 5, 2008. The center frequency is 5.4GHz,
that is, C-band. The June 19 data were obtained from the
descending orbit, whereas the July 5 data were obtained from
the ascending orbit, as shown in Figures 3(a) and 3(b). The
data from the ascending and descending orbits were expected
to complement each other from two different look directions.
A total of 4952065 pixels of the overlap between the two
images were classified.



4 Journal of Sensors

Neighbor pixels

Current pixel
Winsize

DBN
Classification

 results

Input

Output

Day m

Day m

HH − VV

HH − VV

HH − VV

HH + VV

HH + VV

HH + VV

HV

HV HH − VVHH + VV HV

HV

· · · · · ·

· · ·

· · ·

· · ·

...

h(n)

h(2)

h(1)

h(n−1)Day 1

Day 1

RBM 2

RBM 1

RBM n

Figure 2: Flowchart of the proposed DBN-based classification approach.

(a) (b) (c) (d)

Figure 3: PolSAR images of northern Greater Toronto Area. (a) Pauli RGB image of RADARSAT-2 data on June 19, 2008. (b) Pauli RGB
image of RADARSAT-2 data on July 5, 2008. (c) Training set. (d) Test set.

During the preprocessing, the multitemporal raw data
were first orthorectified using the satellite orbital parameters
and a 30m resolution DEM. Then, they were registered
to a vector file National Topographic Database (NTDB).
A multilook process was further applied to generate the
PolSAR features with the final spatial resolution of about 10
meters.

In the classification scheme, 19 subclasses were defined
for the abovementioned 10 major land cover classes accord-
ing to different scattering characteristics (e.g., the man-
made structures have varying scattering appearance due to
their distinctive shapes and directions). Approximately 1000
training pixels were assigned to each subclass. 120617 pixels
evenly distributed over the classification area were randomly
selected as the test samples. The training and test samples are
visually shown in Figures 3(c) and 3(d), respectively.

The effective configurations of the DBN for detailed
urban mapping were investigated. Comparisons with
SVM, conventional neural networks (NN), and stochastic
Expectation-Maximization (SEM) were conducted to assess
the potential of our approach.

4. Results and Discussions

In this study, several experiments were conducted to validate
the impact of different DBN configurations, including differ-
ent network depths and hidden layer node numbers. To eval-
uate its classification efficiency, the DBN-based approach was
compared with three other land cover methods: SVM, tra-
ditional neural networks (NN), and stochastic Expectation-
Maximization (SEM). To quantitatively compare and esti-
mate the capabilities of the proposed method, the overall
accuracy (OA) and Kappa coefficient [34] were used as
performance measurements.

The performance of theDBN-based classificationmethod
is sensitive to the neighbor window size. As the window
size increases, more spatial dependencies could be captured
by the DBN; thus, it is expected that better classification
accuracy could be obtainedwith larger neighborwindow size.
Nevertheless, larger neighbor window size does not ensure
better classification performance. Overly large window sizes
could decrease the classification performance because bound
areas tend to be confounded under an overlarge window. In
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Table 1: DBN parameters setting.

Pretraining stage
Learning rate 0.01
Number of epochs 50
Size of minibatch 100
Momentum 0.5 for the first 5 epochs, 0.9 thereafter
Weight decay rate 0.0002

Fine-tuning stage
Learning rate 0.1
Number of epochs 20

the following experiments, the neighbor window size is set
to 11 ∗ 11; thus, the dimension of the input data would be
11 ∗ 11 ∗ 3 ∗ 2 = 726.

Several parameters of the DBN are listed in Table 1; some
of these parameters are based on experimentation, while the
others are based on the recommendation of Hinton [33].
All the hidden layers in the DBN have the same number of
hidden units. For all the DBN depths mentioned below, only
the hidden layers were counted.

4.1. Effect of Network Depth. We first examine how the DBN
depth influences the classification performance. The number
of hidden layers is one of the key factors to the deep learning
strategy. On one hand, it is proved that additional RBM
layer can yield improvedmodeling power [35]. A higher level
of representation leads to potentially more abstract features
[27]. On the other hand, Larochelle et al. [36] argue that
unnecessary RBM layers may degenerate the generalization
capability of the DBN because more layers engender a more
complex network model with more parameters to fit. With
relatively less training samples, complex models often cause
the overfitting problem [35]. The best depth of the DBN is
usually related to a specific application and dataset.

To find a proper network depth, DBN models with
increased number of RBM layers (i.e., fromone to four layers)
were compared. Each DBN model had the same constant
structure; that is, all the RBM layers had the same number
of hidden neurons. Comparisons were also conducted by
varying the number of hidden neurons from 100 to 600
per layer. The results in Figure 4 show that, regardless of
the number of neurons, improved overall accuracies were
all obtained by the two-layer DBN model. Although the
comparisonsweremade only up to 4 layers, it is expected that,
with more layers, the overfitting problem will become more
serious, which will lead to worse results. As such, the depth
of DBN was set to two layers in the following experiment.

4.2. Comparison with Other Classification Methods. To de-
monstrate the effectiveness of the proposed LULC classifica-
tion method, a comparison was conducted with three other
land cover classification approaches (i.e., SVM, conventional
NN, and SEM). The same Pauli features as the DBN-based
method were used in SVM and traditional NN. The SEM
method [9] applied an adaptiveMarkovRandomField (MRF)
to explore contextual information, and we used the same
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Figure 4: Impact of network depth.

settings reported there. The DBN contained two RBM layers,
and each hidden layer had 500 units. Conventional NN had
the same parameters as those of DBN; their only differ-
ence was that the weights of NN were not pretrained with
unsupervised learning. The LIBSVM [37] toolkit was used
as the implementation of SVM. SVM is a binary classifier,
and the one-against-one strategy was used to convert the
multiclass categorization problem to the binary classification
problem. Experiments were performed using a radial basis
function (RBF) kernel. The penalty term 𝐶 and the RBF
kernel width 𝜎 were selected using grid search within a
given set {2−10, . . . , 210}. The fivefold cross validation method
indicated that the best validation rate was achieved when
𝐶 = 32 and 𝜎 = 2

−7.These parameters were then used to train
the SVM model. The classification accuracies using different
classification approaches are presented in Table 2, where 𝑃

and 𝑈 stand for the producer’s accuracy and user’s accuracy,
respectively.

Table 2 shows that, among the four classification meth-
ods, the DBN method results in the best performance, with
an overall accuracy (OA) of 81.74%. Tables 3, 4, 5, and 6 list
the confusion matrices of the four classification methods in
percent.

Obviously, SEM obtained the highest accuracies in most
natural classes (Water, Golf, Pasture, Crop1, and Forest).
However, it performed extremely badly in several man-made
classes (LD, HD, and Ind.). Generally, SEM provided the
lowest overall classification accuracy of 72.43%.

Although SVM attained higher producer’s accuracies in
Cons., LD, and Crop1, its overall accuracy was still below
DBNby 5%.The improved classification accuracy by theDBN
method mainly originated from the significant increase of
Pasture and Crop2. Tables 3 and 6 show that the accuracy
of Pasture was greatly improved owing to the decrease of
the confusion with the Golf class. The improvement of the
accuracy of Crop2 was mainly due to the decrease of the
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Table 2: Comparison of different classification methods.

SVM NN SEM DBN
𝑃 𝑈 𝑃 𝑈 𝑃 𝑈 𝑃 𝑈

Water 0.8521 0.9169 0.7847 0.9560 0.9668 0.9733 0.8697 0.9052
Golf 0.8588 0.5364 0.8922 0.6048 0.9245 0.8346 0.8118 0.7727
Pasture 0.5776 0.8949 0.6095 0.9198 0.8502 0.8499 0.8139 0.8987
Cons. 0.7639 0.6879 0.6383 0.6657 0.7239 0.7750 0.7265 0.7899
LD 0.6847 0.8509 0.5771 0.8175 0.3160 0.7697 0.6703 0.8884
Crop1 0.9020 0.7548 0.7991 0.8971 0.9617 0.6497 0.8800 0.8804
Crop2 0.7965 0.8882 0.8615 0.7671 0.8306 0.8649 0.8986 0.8469
Forest 0.8703 0.9098 0.8908 0.9408 0.9542 0.7076 0.9095 0.9489
HD 0.7203 0.5830 0.7195 0.4570 0.6264 0.4898 0.7824 0.5867
Ind. 0.7593 0.7556 0.6817 0.7394 0.4135 0.5811 0.7936 0.7632
OA 0.7679 0.7437 0.7243 0.8174
Kappa 0.7398 0.7119 0.6906 0.7945

Table 3: Confusion matrix (in percent) of the SVMmethod.

Water Golf Pasture Cons. LD Crop1 Crop2 Forest HD Ind.
Water 85.21 3.70 0.07 0.96 0.00 0.02 0.00 0.00 0.01 0.18
Golf 11.85 85.88 26.41 5.24 1.36 3.27 2.51 2.46 0.05 0.48
Pasture 0.02 6.55 57.76 0.00 0.09 0.75 0.72 1.07 0.02 0.00
Cons. 2.92 2.00 0.34 76.39 0.00 0.03 10.87 0.00 0.47 0.20
LD 0.00 0.17 0.31 0.03 68.47 1.65 0.24 3.03 4.57 3.04
Crop1 0.00 0.55 6.80 0.83 5.34 90.20 1.53 0.20 4.31 1.12
Crop2 0.00 0.58 3.67 15.52 0.11 0.16 79.65 0.68 0.06 0.02
Forest 0.00 0.11 2.25 0.07 1.57 0.65 4.20 87.03 0.13 0.04
HD 0.00 0.07 2.27 0.09 15.65 3.12 0.21 3.71 72.03 18.98
Ind. 0.00 0.37 0.12 0.88 7.40 0.15 0.07 1.83 18.34 75.93

Table 4: Confusion matrix (in percent) of the NN method.

Water Golf Pasture Cons. LD Crop1 Crop2 Forest HD Ind.
Water 78.47 2.05 0.00 0.35 0.00 0.00 0.00 0.00 0.00 0.00
Golf 19.56 89.22 19.21 6.71 0.24 3.05 1.12 0.40 0.02 0.17
Pasture 0.00 1.93 60.95 0.77 0.13 2.68 1.18 0.13 0.01 0.01
Cons. 1.64 3.28 0.68 63.83 0.00 0.04 9.88 0.00 0.04 0.01
LD 0.00 0.14 0.01 0.00 57.71 5.25 0.02 2.34 5.61 2.07
Crop1 0.00 0.30 2.37 0.38 1.74 79.91 0.64 0.14 0.33 0.53
Crop2 0.15 2.45 14.48 26.70 0.71 3.13 86.15 0.94 0.19 0.02
Forest 0.00 0.47 1.96 0.18 2.06 0.64 0.98 89.08 0.16 0.09
HD 0.00 0.06 0.33 0.37 31.99 5.13 0.03 6.21 71.95 28.95
Ind. 0.17 0.10 0.03 0.71 5.41 0.18 0.00 0.77 21.69 68.17

Table 5: Confusion matrix (in percent) of the SEMmethod.

Water Golf Pasture Cons. LD Crop1 Crop2 Forest HD Ind.
Water 96.68 0.53 0.08 0.13 0.08 0.12 0.09 0.09 0.04 0.11
Golf 3.10 92.45 4.36 4.41 0.54 0.03 0.38 0.28 0.53 1.01
Pasture 0.08 5.40 85.02 1.15 2.11 1.32 4.82 0.75 0.69 0.07
Cons. 0.06 1.01 0.60 72.39 0.21 0.00 6.12 0.03 0.78 0.35
LD 0.00 0.00 0.01 0.03 31.60 0.16 0.03 0.36 6.54 3.18
Crop1 0.06 0.07 6.80 1.21 6.28 96.17 3.58 0.85 4.67 10.90
Crop2 0.04 0.35 2.55 20.16 0.94 0.22 83.06 1.21 0.73 0.43
Forest 0.00 0.15 0.53 0.32 34.84 1.69 1.89 95.42 2.43 0.53
HD 0.00 0.02 0.04 0.13 10.20 0.29 0.01 0.76 62.64 42.07
Ind. 0.00 0.01 0.00 0.06 13.20 0.00 0.01 0.24 20.95 41.35
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Table 6: Confusion matrix (in percent) of the DBN method.

Water Golf Pasture Cons. LD Crop1 Crop2 Forest HD Ind.
Water 86.97 5.72 0.02 0.21 0.00 0.00 0.00 0.00 0.00 0.00
Golf 11.92 81.18 5.93 3.42 0.16 0.66 0.29 0.40 0.01 0.38
Pasture 0.11 10.55 81.39 0.31 0.03 2.28 0.55 0.17 0.09 0.00
Cons. 0.99 1.26 0.26 72.65 0.00 0.01 6.16 0.00 0.31 0.05
LD 0.00 0.09 0.27 0.03 67.03 2.22 0.23 1.95 3.35 1.46
Crop1 0.00 0.14 2.49 0.93 2.47 88.00 1.22 0.23 0.71 0.26
Crop2 0.00 0.66 7.20 21.05 0.23 0.63 89.86 1.70 0.12 0.00
Forest 0.00 0.22 1.11 0.19 1.70 0.69 1.39 90.95 0.15 0.08
HD 0.00 0.15 1.31 0.31 19.67 5.40 0.24 2.61 78.24 18.41
Ind. 0.00 0.04 0.02 0.90 8.70 0.11 0.05 2.00 17.04 79.36

(a) (b) (c)

Water Golf Pasture

(d)

Cons. LD Crop1HD

(e)

Crop2 Forest Ind.

(f)

Figure 5: Zooming comparison of (a) Google Earth image and (b) PolSAR Pauli image and the classification results using (c) SVM, (d) NN,
(e) SEM, and (f) DBN in a selected area.

commission to Cons. One plausible explanation for this
improvement is that, with the effective features represented by
the hidden layers, DBN could extract additional underlying
dependencies and structures for the SAR data.

Compared with conventional NN, DBN obtained higher
classification accuracies for almost all land cover types,

resulting in a notable increase in OA of 7%. The reason
behind the superiority of DBN over NN is that, with an
unsupervised pretraining process, more appropriate initial
weights are assigned to the network, while the traditional
neural network just sets random values for initial weights.
The DBN-based method combines the advantages of both



8 Journal of Sensors

(a) (b) (c)

Water Golf Pasture

(d)

Cons. LD Crop1HD

(e)

Crop2 Forest Ind.

(f)

Figure 6: Zooming comparison of (a) Google Earth image and (b) PolSAR Pauli image and the classification results using (c) SVM, (d) NN,
(e) SEM, and (f) DBN in an Ind. area.

unsupervised and supervised learning; thus it can better
distill spatiotemporal regularities fromSARdata and improve
classification performance.

The effects of different land cover classification methods
are further illustrated in Figure 5. As can be observed in
Figure 5, comparedwith SVM, theDBNmethod significantly
reduces the misclassification of Forest. Compared with NN,
DBN greatly decreases the misclassification of Pasture from
Golf. Compared with SEM, DBN preserves the detail of
residential areas. Figure 6 shows another example from an
Ind. area. The figure shows that the DBN-based method
provides classification map with more homogenous regions
of the Ind. land cover type, which is more in line with reality.

5. Conclusion

A detailed urban LULC classification method based on the
DBN model for PolSAR data is proposed. The effects of
different network configurations are discussed. It is found
that DBN with two hidden layers were appropriate for such
detailed LULCmapping application.The experimental results
demonstrate that the proposed method provides homoge-
nous mapping results with preserved shape details and that it

outperforms other land cover classification approaches (i.e.,
SVM, NN, and SEM) in a complex urban environment. Our
future work will focus onmore deep learningmodels for SAR
data to further improve the classification results.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgment

This work is mainly supported by the National Natural Sci-
ence Foundation of China under Grants U1435219, 61125201,
61202126, 61202127, and 61402507.

References

[1] A. Moreira, P. Prats-Iraola, M. Younis, G. Krieger, I. Hajnsek,
and K. P. Papathanassiou, “A tutorial on synthetic aperture
radar,” IEEEGeoscience and Remote SensingMagazine, vol. 1, no.
1, pp. 6–43, 2013.



Journal of Sensors 9

[2] X. Niu and Y. Ban, “Multi-temporal RADARSAT-2 polarimetric
SAR data for urban land-cover classification using an object-
based support vector machine and a rule-based approach,”
International Journal of Remote Sensing, vol. 34, no. 1, pp. 1–26,
2013.

[3] P. Lombardo, M. Sciotti, T. M. Pellizzeri, and M. Meloni,
“Optimum model-based segmentation techniques for multi-
frequency polarimetric SAR images of urban areas,” IEEE
Transactions on Geoscience and Remote Sensing, vol. 41, no. 9,
pp. 1959–1975, 2003.

[4] T. Macr̀ı Pellizzeri, “Classification of polarimetric SAR images
of suburban areas using joint annealed segmentation and
“H/A/𝛼” polarimetric decomposition,” ISPRS Journal of Pho-
togrammetry and Remote Sensing, vol. 58, no. 1-2, pp. 55–70,
2003.

[5] Y. Ban and A. Jacob, “Object-based fusion of multitemporal
multiangle ENVISAT ASAR and HJ-1B multispectral data for
urban land-cover mapping,” IEEE Transactions on Geoscience
and Remote Sensing, vol. 51, no. 4, pp. 1998–2006, 2013.

[6] S. W. Myint, P. Gober, A. Brazel, S. Grossman-Clarke, and Q.
Weng, “Per-pixel vs. object-based classification of urban land
cover extraction using high spatial resolution imagery,” Remote
Sensing of Environment, vol. 115, no. 5, pp. 1145–1161, 2011.

[7] T. Blaschke, “Object based image analysis for remote sensing,”
ISPRS Journal of Photogrammetry and Remote Sensing, vol. 65,
no. 1, pp. 2–16, 2010.

[8] U. C. Benz, P. Hofmann, G. Willhauck, I. Lingenfelder, and
M.Heynen, “Multi-resolution, object-oriented fuzzy analysis of
remote sensing data for GIS-ready information,” ISPRS Journal
of Photogrammetry andRemote Sensing, vol. 58, no. 3-4, pp. 239–
258, 2004.

[9] X. Niu and Y. Ban, “An adaptive contextual SEM algorithm for
urban land covermapping usingmultitemporal high-resolution
polarimetric SAR data,” IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, vol. 5, no. 4,
pp. 1129–1139, 2012.

[10] Y. Wu, K. Ji, W. Yu, and Y. Su, “Region-based classification of
polarimetric SAR images using wishart MRF,” IEEE Geoscience
and Remote Sensing Letters, vol. 5, no. 4, pp. 668–672, 2008.

[11] D. Gleich, “Markov random field models for non-quadratic
regularization of complex SAR images,” IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, vol. 5,
no. 3, pp. 952–961, 2012.

[12] A. Voisin, V. A. Krylov, G. Moser, S. B. Serpico, and J. Zerubia,
“Classification of very high resolution SAR images of urban
areas using copulas and texture in a hierarchical Markov
random field model,” IEEE Geoscience and Remote Sensing
Letters, vol. 10, no. 1, pp. 96–100, 2013.

[13] P. Yu, A. K. Qin, and D. A. Clausi, “Unsupervised polarimetric
SAR image segmentation and classification using region grow-
ing with edge penalty,” IEEE Transactions on Geoscience and
Remote Sensing, vol. 50, no. 4, pp. 1302–1317, 2012.

[14] D. H. Hoekman, M. A. M. Vissers, and T. N. Tran, “Unsu-
pervised full-polarimetric SAR data segmentation as a tool
for classification of agricultural areas,” IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, vol. 4,
no. 2, pp. 402–411, 2011.

[15] K. Ersahin, I. G. Cumming, and R. K. Ward, “Segmentation
and classification of polarimetric SAR data using spectral graph
partitioning,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 48, no. 1, pp. 164–174, 2010.

[16] B. Liu, H. Hu, H. Wang, K. Wang, X. Liu, and W. Yu,
“Superpixel-based classification with an adaptive number of
classes for polarimetric SAR images,” IEEE Transactions on
Geoscience and Remote Sensing, vol. 51, no. 2, pp. 907–924, 2013.

[17] L. Bombrun, G. Vasile, M. Gay, and F. Totir, “Hierarchical
segmentation of polarimetric SAR images using heterogeneous
clutter models,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 49, no. 2, pp. 726–737, 2011.

[18] V. Akbari, A. P. Doulgeris, G. Moser, T. Eltoft, S. N. Anfinsen,
and S. B. Serpico, “A textural-contextual model for unsu-
pervised segmentation of multipolarization synthetic aperture
radar images,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 51, no. 4, pp. 2442–2453, 2013.

[19] R. J. Dekker, “Texture analysis and classification of ERS SAR
images for map updating of urban areas in the Netherlands,”
IEEE Transactions on Geoscience and Remote Sensing, vol. 41,
no. 9, pp. 1950–1958, 2003.

[20] V. V. Chamundeeswari, D. Singh, and K. Singh, “An analysis of
texture measures in PCA-based unsupervised classification of
SAR images,” IEEE Geoscience and Remote Sensing Letters, vol.
6, no. 2, pp. 214–218, 2009.

[21] X. Niu and Y. Ban, “Multitemporal polarimetric RADARSAT-2
SAR data for urban land cover mapping through a dictionary-
based and a rule-based model selection in a contextual SEM
algorithm,” Canadian Journal of Remote Sensing, vol. 39, no. 2,
pp. 138–151, 2013.

[22] B. Waske and J. A. Benediktsson, “Fusion of support vector
machines for classification of multisensor data,” IEEE Transac-
tions onGeoscience andRemote Sensing, vol. 45, no. 12, pp. 3858–
3866, 2007.

[23] N. Jones, “Computer science: the learning machines,” Nature,
vol. 505, no. 7482, pp. 146–148, 2014.

[24] I. Arel, D. C. Rose, and T. P. Karnowski, “Deep machine
learning—a new frontier in artificial intelligence research
[research frontier],” IEEE Computational Intelligence Magazine,
vol. 5, no. 4, pp. 13–18, 2010.

[25] D. Yu and L. Deng, “Deep learning and its applications to signal
and information processing,” IEEE Signal Processing Magazine,
vol. 28, no. 1, pp. 145–154, 2011.

[26] Y. Bengio, “Learning deep architectures for AI,” Foundations
and Trends in Machine Learning, vol. 2, no. 1, pp. 1–27, 2009.

[27] Y. Bengio, A. Courville, and P. Vincent, “Representation learn-
ing: a review and new perspectives,” IEEE Transactions on
Pattern Analysis and Machine Intelligence, vol. 35, no. 8, pp.
1798–1828, 2013.

[28] G. E. Hinton, S. Osindero, and Y.-W. Teh, “A fast learning
algorithm for deep belief nets,”Neural Computation, vol. 18, no.
7, pp. 1527–1554, 2006.

[29] G. E. Hinton and R. R. Salakhutdinov, “Reducing the dimen-
sionality of data with neural networks,” Science, vol. 313, no.
5786, pp. 504–507, 2006.

[30] N. Lopes and B. Ribeiro, “Towards adaptive learning with
improved convergence of deep belief networks on graphics
processing units,” Pattern Recognition, vol. 47, no. 1, pp. 114–127,
2014.

[31] G. E. Hinton, “Training products of experts by minimizing
contrastive divergence,” Neural Computation, vol. 14, no. 8, pp.
1771–1800, 2002.

[32] Y. Bengio, “Practical recommendations for gradient-based
training of deep architectures,” inNeural Networks: Tricks of the
Trade, vol. 7700 of Lecture Notes in Computer Science, pp. 437–
478, Springer, Berlin, Germany, 2nd edition, 2012.



10 Journal of Sensors

[33] G. E. Hinton, “A practical guide to training restricted Boltz-
mannmachines,” Tech. Rep., Department of Computer Science,
University of Toronto, 2010.

[34] W. D. Thompson and S. D. Walter, “A reappraisal of the kappa
coefficient,” Journal of Clinical Epidemiology, vol. 41, no. 10, pp.
949–958, 1988.

[35] N. le Roux and Y. Bengio, “Representational power of restricted
Boltzmann machines and deep belief networks,” Neural Com-
putation, vol. 20, no. 6, pp. 1631–1649, 2008.

[36] H. Larochelle, Y. Bengio, J. Louradour, and P. Lamblin, “Explor-
ing strategies for training deep neural networks,” Journal of
Machine Learning Research, vol. 10, pp. 1–40, 2009.

[37] C. Chang and C. Lin, “LIBSVM: a library for support vector
machines,” ACM Transactions on Intelligent Systems and Tech-
nology, vol. 2, no. 3, pp. 1–27, 2011.



Research Article
Bayesian Information Criterion Based Feature Filtering
for the Fusion of Multiple Features in High-Spatial-Resolution
Satellite Scene Classification

Da Lin,1 Xin Xu,1 and Fangling Pu2

1Signal Processing Laboratory, School of Electronic Information, Wuhan University, Wuhan 430072, China
2Wireless Communication and Sensor Network Laboratory, School of Electronic Information,
Wuhan University, Wuhan 430072, China

Correspondence should be addressed to Xin Xu; xinxu@whu.edu.cn

Received 12 November 2014; Accepted 18 February 2015

Academic Editor: Tianfu Wu

Copyright © 2015 Da Lin et al. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

This paper presents a novel classification method for high-spatial-resolution satellite scene classification introducing Bayesian
information criterion (BIC)-based feature filtering process to further eliminate opaque and redundant information between
multiple features. Firstly, two diverse and complementary feature descriptors are extracted to characterize the satellite scene. Then,
sparse canonical correlation analysis (SCCA)with penalty function is employed to fuse the extracted feature descriptors and remove
the ambiguities and redundancies between them simultaneously. After that, a two-phase Bayesian information criterion (BIC)-
based feature filtering process is designed to further filter out redundant information. In the first phase, we gradually impose a
constraint via an iterative process to set a constraint on the loadings for averting sparse correlation descending below to a lower
confidence limit of the approximated canonical correlation. In the second phase, Bayesian information criterion (BIC) is utilized
to conduct the feature filtering which sets the smallest loading in absolute value to zero in each iteration for all features. Lastly,
a support vector machine with pyramid match kernel is applied to obtain the final result. Experimental results on high-spatial-
resolution satellite scenes demonstrate that the suggested approach achieves satisfactory performance in classification accuracy.

1. Introduction

Scene classification has aroused more and more attention in
remote sensing domain. For satellite imagery of high-spatial-
resolution, it evokes a great deal of challenging problems
in scene classification due to high intraclass variability, low
interclass disparity, and other external factors such as changes
of viewpoint, illuminations and shadows, background clutter,
partial occlusions, and multiple instances. In addition, with
considerable increase of the spatial resolution of images,
details of the targets become clearer, and a host of cues also
become more distinctive, such as structure and colour. As
a consequence, it is of great importance to appropriately
combine and fuse them in various respects. In the past
decade or so, many researchers and practitioners have made
great efforts in exploiting different sources of information in

the high-spatial-resolution satellite imagery to enhance clas-
sification performance [1–5].

Unlike the case of low-spatial-resolution satellite images,
where solitary type of feature descriptor has been proved to be
effective and efficient for classification [6, 7], it is universally
recognized that instead of adopting a solitary type of feature,
it is more favorable to fuse and combine a set of diverse and
complementary features such as features based on structure
and colour information [8, 9]. Hence, how to fuse these pieces
of diverse and complementary information and eliminate
the ambiguities and redundancies between them becomes
a critical problem. One widely praised approach is feature-
level fusion, in which features from different channels are
fused, developing a new pattern for scene classification.Many
approaches have been reported in the literature [10–12].
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The canonical correlation analysis (CCA) [13] method
has been spotlighted, especially in feature fusion realm [14,
15], due to its capability in expressing inherent correlation
between two sets of features. In order to extract canonical
correlation features from two groups of features, the CCA
method firstly constructs a correlation criterion function by
extracting two diverse features from the identical samples.
Then the CCAmethod creates efficient and effective discrim-
inant features for classification.

However, when the dimensions of features are too large,
such as in case of high-spatial-resolution satellite scene clas-
sification researches, traditional CCA methods are no longer
proper. Besides, when the features are extracted from the
identical image, sample covariance matrices turn into being
undefined or unstable, inducing extra difficulty in param-
eter estimation. As a consequence, a dimension reduction
approach is imperative for CCA to tackle this problem. In
the past decade, abundant approaches have been proposed
for feature shrinkage and selection, containing the non-
negative garrote by Breiman [16], least absolute shrinkage
and selection operator (Lasso) by Tibshirani [17], smoothly
clipped absolute deviation (SCAD) by Fan and Li [18], and
Elastic-net by Zou andHastie [19]. Recently, these approaches
have been employed to CCA for relationship assessment
between two sets of high-dimensional remote sensing data.
The feature selection strategies are utilized to the canonical
feature loadings which set some of the coefficients to exact
zeros for selecting the remaining features.The crucial features
selected are then called the sparse set of features, and the
canonical correlation analysis exploiting these features is
often known as sparse canonical correlation analysis (SCCA).
Initially, Waaijenborg et al. [20] suggested a penalized form
of CCA adopting an iterative regression process with the
Univariate Soft Threshold (UST) form of the Elastic-net
penalty. Subsequently, Parkhomenko et al. [21] suggested the
SCCA approach utilizing a form of regularization resembling
USTElastic-net [19].Witten andTibshirani [22] incorporated
the Lasso penalty in their SCCA. These approaches are
interesting. Yet, they do not control the sparsity in a direct
way. At the same time, it has been revealed that sundry
penalized likelihood approaches have the oracle property
under certain conditions [18, 23–26]. However, in practical
application, without an appropriate model of feature selec-
tion, the oracle property cannot be realized. Accordingly,
the approaches may not necessarily generate sparse set of
features. To address the issue, this paper suggests a two-
phase process in implementing SCCA in which L1 penalty
is utilized on the feature loadings during the first phase,
and then a Bayesian Information Criterion (BIC) based
feature filtering algorithm is conducted to further remove
redundant and noisy information. To be specific, in the
first phase, we gradually impose a constraint via an iterative
process to set a constraint on the loadings for averting sparse
correlation descending below to a lower confidence limit of
the approximated canonical correlation. In the second phase,
Bayesian information criterion (BIC) is utilized to conduct
the feature filteringwhich sets the smallest loading in absolute
value to zero in each iteration for all features.

The rest of this paper is organized as follows. The feature
extraction process is presented in Section 2. Section 3 offers a
concrete and detailed depiction of themethodology exploited
in this paper. Section 4 displays experimental results and
gives a performance assessment. Finally, Section 5 summa-
rizes the work and points the directions for the future work.

2. Multiset Feature Extraction

2.1. Scale-Invariant Feature Transform (SIFT) Descriptor. In
the detected region, SIFT descriptor extracts a gradient
orientation histogram [27]. The gradient image is sampled
over a 4 × 4 grid in each of eight orientation planes; thus
resulting descriptor is of dimension 128. A weight to the
magnitude of each sample point is gained by implementing a
Gaussian window function. This puts more highlights on the
gradients that are near the center of the region and renders the
descriptor less sensitive to the small changes in the position of
the detected region.The gradient magnitude is used to weigh
the contribution to the orientation and location bins. The
descriptor is immune to small errors in the region detection
and small geometric distortions, largely due to the quantiza-
tion of orientations and gradient locations. The square root
of the sum of squared components is calculated to normalize
the descriptor for acquiring illumination invariance.

2.2. Colour Histogram Descriptor. Colour histogram descrip-
tor is three separated histograms for the R, G, and B chan-
nels [28]. A colour histogram represents the approximate
distribution of the colours in an image, due to the fact that
each histogram bin stands for a local colour range in the
given colour space. Colour histograms are invariant to the
translation and rotation of the image content; meanwhile
they are unsophisticated to compute. In our experiments,
the number of bins is 40, and the resulting descriptor is of
dimension 120 through concatenating the three independent
histograms.

3. Methodology

3.1. Sparse Canonical Correlation Analysis (SCCA). Canon-
ical correlation analysis (CCA) is a multivariate statistical
approach proposed to grope for the correlation between two
sets of features [13]. Suppose that two feature sets 𝑋 =

𝑋
1
, 𝑋
2
, . . . , 𝑋

𝑝
and𝑌 = 𝑌

1
, 𝑌
2
, . . . , 𝑌

𝑞
are of dimensions 𝑛×𝑝

and 𝑛×𝑞 (𝑝 ≤ 𝑛, 𝑞 ≤ 𝑛), which extracted from the same image.
Let the columns of𝑋 and 𝑌 be standardized to have standard
deviation 1 and mean 0, let 𝑢 and V be 𝑝 × 1 and 𝑞 × 1 vector
of weights, and let 𝜉 = 𝑋𝑢 and 𝜂 = 𝑌V be linear combinations
of the features of data sets 𝑋 and 𝑌, respectively. Note that 𝜉
and 𝜂 are 𝑛 × 1 vectors. Subsequently, (1) will be maximized
to estimate coefficient vectors 𝑢 and V:

𝜌 =

Cov (𝜉, 𝜂)

[var (𝜉) var (𝜂)]1/2

=

𝑢
𝑇
𝑋
𝑇
𝑌V

[(𝑢
𝑇
𝑋
𝑇
𝑋𝑢) (V𝑇𝑌𝑇𝑌V)]1/2

,

(1)
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where 𝑋𝑇𝑋 and 𝑌𝑇𝑌 are within data covariance matrices
and𝑋𝑇𝑌 is the between data covariance matrix. Equation (1)
can be reformulated as follows for scaling 𝑢 and V has very
insignificant influence on the correlation coefficient:

𝜌 = corr (𝜉, 𝜂) = max 𝑢𝑇𝑋𝑇𝑌V

subject to 𝑢
𝑇
𝑋
𝑇
𝑋𝑢 = V𝑇𝑌𝑇𝑌V = 1.

(2)

The aforementioned CCA approach is not applicable
when the quantity of features is excessive. Latent multi-
collinearity between predictor features further complicates
the computation for the covariance matrices can turn into
undefined or unstable. As a consequence, some critical fea-
tures should be selected by standard model selection criteria.
In the subsequent process, the selected set of features is
utilized to compute the canonical correlation for making
the results understandable, which is called sparse canonical
correlation analysis (SCCA). Theoretically, SCCA is imple-
mented by maximizing the penalized objective function
below:

𝜌 = corr (𝜉, 𝜂) = max
𝑢,V𝑢
𝑇
𝑋
𝑇
𝑌V

subject to 𝑢
𝑇
𝑋
𝑇
𝑋𝑢 = V𝑇𝑌𝑇𝑌V = 1.

(3)

In order to tackle the multicollinearity problem, a host
of approaches have been introduced. Vinod suggested incor-
porating penalty terms to the diagonal elements of the
covariance matrix, which appears to resemble the ridge
regression thought in regression analysis [29]. This needs to
estimate additional ridge parameters. Other regularization
forms have been proposed where the variance matrices are
substituted with their corresponding identity matrices [22]
or diagonal matrices [21]. In our work, the matrices 𝑋𝑇𝑋
and 𝑌𝑇𝑌 are substituted with their corresponding diagonal
matrices.

3.2. Shrinkage Methods. Penalized linear regression mecha-
nisms have been widely applied to analyze high-dimensional
data, and it has incorporated feature selection and shrinkage
techniques. Assume that 𝑦 is an 𝑛 × 1 vector and 𝑥 is an
𝑛 × 𝑝 matrix. Then the estimation of penalized regression
coefficient 𝛽 can be yielded by using following penalized
regression model:

̂
𝛽
penalized

= arg min 

𝑦 − 𝑥𝛽






2

+ 𝑝
𝜆
(𝛽) , (4)

where 𝑝
𝜆
(𝛽) is the penalty term and 𝜆 is a tuning parameter

which is estimated utilizing permutation approaches or cross
validation (CV). As the first penalized regression approach,
ridge regressionwas proposed to temper themulticollinearity
among the predictors in which a quadratic penalty term
is embedded to the regular least square estimating equa-
tions [30]. Ridge regression implements a penalty on the
coefficients to shrink them towards zero. Yet the shrunken
coefficients are never equal to zero. As a consequence, ridge
regression fails to conduct feature selection.The least absolute
shrinkage and selection operator (Lasso), Elastic-net, and

smoothly clipped absolute deviation (SCAD) are different
from ridge regression which solve the multicollinearity prob-
lem (i.e., shrinkage) and set some of the coefficient to exact
zero, creating sparse set of features (i.e., feature selection).
In this paper, we apply different penalty functions to SCCA
utilizing the algorithm elaborated by Parkhomenko et al. [21].
The tuning parameters for all penalty functions are estimated
through cross validation (CV).

3.2.1. Least Absolute Shrinkage and Selection Operator (Lasso)
Penalty. The least absolute shrinkage and selection operator
(Lasso) penalty is a shrinkage approach and has the compe-
tence of selecting discriminant features by shrinking some
coefficients and setting others to zero [31]. The penalty term
of Lasso is defined as follows:

𝑝
lasso
𝜆
(𝛽) = 𝜆

𝑝

∑

𝑗=1






𝛽
𝑗






, (5)

where 𝜆 is a tuning parameter. The solution of Lasso is given
as

̂
𝛽
lasso
𝑗

= (







̂
𝛽
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− 𝜆)
+
sign ( ̂𝛽

𝑗
) . (6)

This is similar to the soft thresholding rule introduced by
Donoho et al. [32] and Donoho and Johnstone [33], which
was utilized to estimate wavelet coefficients.

3.2.2. Elastic-Net Penalty. Elastic-net is a regularization
mechanism that carries out continuous shrinkage and feature
selection simultaneously [34]. To be specific, this approach
utilizes both 𝐿

1
penalty of Lasso and 𝐿

2
quadratic penalty

of ridge regression to create a convex combination. Conse-
quently, this approach preserves the abilities of feature selec-
tion and coefficients shrinkage. The definition of the Elastic-
net penalty can be formulated as follows:

𝑝
elastic-net
𝜆

(𝛽) = 𝜆
1

𝑝

∑

𝑗=1






𝛽
𝑗






+ 𝜆
2

𝑝

∑

𝑗=1

𝛽
2

𝑗
. (7)

Nevertheless, thanks to two tuning parameters needed to be
estimated, the computational cost of Elastic-net is somewhat
higher.

As a substitute to Elastic-net, Zou and Hastie proposed
a predigested version of the Elastic-net called univariate soft
thresholding (UST) [34], the solution of which is shown as

̂
𝛽
elastic-net
𝑗

= (







̂
𝛽
𝑗






− 0.5𝜆)

+
sign ( ̂𝛽

𝑗
) . (8)

In this paper, the Elastic-net based on the univariate soft
threshold is adopted to implement feature loadings 𝑢 and V
as follows:

�̂�
𝑗
= (






�̂�
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− 0.5𝜆

1
)
+
sign (�̂�

𝑗
) ,

V̂
𝑗
= (






V̂
𝑗






− 0.5𝜆

2
)
+
sign (V̂

𝑗
) .

(9)
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3.2.3. Smoothly Clipped Absolute Deviation (SCAD) Penalty.
Fan and Li proposed a nonconvex penalty function named
smoothly clipped absolute deviation (SCAD) [18]. They
suggested three criteria for determining an excellent penalty
function, namely, (i) sparsity, (ii) continuity, and (iii) unbi-
asedness. They made further efforts to claim that the SCAD
penalty possesses these properties. The SCAD penalty is
shown as follows:

𝑝
SCAD
𝜆

(𝛽)

=

{
{
{
{
{
{
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{
{
{
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(𝑎 + 1) 𝜆
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2

, if 

𝛽
𝑗






> 𝑎𝜆.

(10)

When value within the range of 𝜆 and 𝑎𝜆, SCAD penalty
function coincides with a quadratic spline function. The
function is continuous, and when 𝑎 > 2 and 𝛽 > 0 the first
derivative can be formulated as follows:

𝑝


𝜆
(𝛽) = 𝜆{𝐼 (𝛽 ≤ 𝜆) +

(𝑎𝜆 − 𝛽)
+

(𝑎 − 1) 𝜆

𝐼 (𝛽 > 𝜆)} . (11)

The SCAD penalty is continuously differentiable on
(−∞, 0) ∪ (0,∞), but singular at 0, with its derivatives zero
outside the range [−𝑎𝜆, 𝑎𝜆]. This penalty function sets small
coefficients to zero, shrinks mid-size coefficients towards
zero, and keeps large coefficients untouched. Consequently,
the SCAD penalty generates almost unbiased coefficients and
a sparse solution for large coefficients. The solution of SCAD
penalty is shown as follows:
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=
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(12)

This thresholding rule has two unknown parameters:
𝜆 and 𝑎. In an ideal situation, the optimal results (𝜆, 𝑎)
can be acquired utilizing a scheme involving a two-dimen-
sional grid-search with criteria resembling cross validation
approaches. However, such an execution is computationally
intensive. In the Bayesian perspective, Fan and Li advised
𝑎 = 3.7 is awise option formany issues [18].They have further
highlighted that the performance of feature selection issues
does not boost tremendously when data-driven approaches
are adopted. In this paper, we set 𝑎 to 3.7 and 𝜆 was selected
by cross validation.Meanwhile, the thresholding rule (12) was
adopted to load vectors 𝑢 and V.

3.2.4. Hard-Threshold Penalty. Hard-thresholding directly
sets several coefficients to zero [35, 36]. However, this penalty
function does not tackle the issue of multicollinearity among
the predictors, for it does not shrink any coefficients toward
zero. Nevertheless, the results obtained by this penalty are
unbiased estimators with large effects. The solution of the
hard-thresholding rule is revealed as follows:
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𝛽
hard
𝑗
= 𝛽
𝑗
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𝑗






> 𝜆) . (13)

3.3.The Suggested BIC Based Feature Filtering Algorithm. The
major drawback of the current SCCA approaches is that they
do not control sparsity directly. Hence, it is hard to complete
efficient and effective elimination of noisy and redundant
information. There is a trade-off between the sparsity of
the features and the maximum correlation. In this paper,
we suggest a two-phase process to establish an equilibrium
between the sparsity of the features and the maximum cor-
relation. In the first phase, we gradually impose a constraint
via an iterative process to set a constraint on the loadings
for averting sparse correlation descending below to a lower
confidence limit of the approximated canonical correlation.
In the second phase, Bayesian information criterion (BIC) is
utilized to conduct the feature filteringwhich sets the smallest
loading in absolute value to zero in each iteration for all
features.

The proposed feature filtering process is iterative and
simple. One more coefficient of ̂𝛽

𝑗
, at each iteration, is set

to be 0 according to the magnitudes of the coefficients in
absolute value. Let ̂𝛽

𝑖
and ̂𝛽

𝑗
be the constrained effective

dimension reduction direction; the proposed feature filtering
process is shown as follows.

(i) Let 𝑑 = 𝑝 + 𝑞.

(ii) Define a new direction ̂
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(14)

and the BIC-type criterion BIC(𝑑) = 𝑛 log(1 − 𝑟2
𝑑
) + 𝑑 log(𝑛),

where 𝑛 is the sample size.

(iv) Let 𝑑 = 𝑑 − 1. Repeat Steps (ii)–(iv) until 𝑑 = 0.
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After the above feature filtering process is implemented, we
obtain a sequence of BIC(𝑑) as 𝑑 descends from 𝑝 + 𝑞 to 0.
Let 𝑑
0
be the integer at which BIC(𝑑) is minimized. Then,

the 𝑝 + 𝑞 − 𝑑
0
smallest coefficients of ̂𝛽

𝑗
in absolute value

are assigned to 0. This proposed feature filtering process is a
streamlined feature selection process. In feature filtering, at
most 𝑝 + 𝑞 possibilities are taken into account, which make
it viable to conduct even when 𝑝 + 𝑞 are large. Lastly, the
features corresponding to the minimum BIC value are the
final selected features.

3.4. Support Vector Machine (SVM) with Pyramid Match Ker-
nel (PMK-SVM) Classifier. Establishment of kernel-based
learning algorithms is based on the notion of mapping
data into a Euclidean space and then discovering linear
relations within the mapped data. Taking a typical issue
as an example, the SVM unearths the optimal separating
hyperplane between two classes in a feature space. The assis-
tance provided by a kernel function is to map pairs of data
points in an input space to their inner product in the feature
space, thereby estimating the similarities between all points
and deciding their relative positions. Linear relations are
discovered in the feature space, although a decision boundary
may still be nonlinear in the input space, depending on
the method of a feature mapping function. The support
vector machine (SVM) with pyramid match kernel (PMK-
SVM) [37] furnishes an accurate and time-saving solution
for classification and the pyramid match kernel function is
formulated as follows:

𝐾(Ψ (𝑦) , Ψ (𝑧)) =

𝐿

∑

𝑖=0

1

2
𝑖
(Γ (𝐻
𝑖
(𝑦) ,𝐻

𝑖
(𝑧))

−Γ (𝐻
𝑖−1
(𝑦) ,𝐻

𝑖−1
(𝑧))) ,

(15)

where 𝑦, 𝑧 are the input sets, 𝐿 = [log
2
𝐷] in which 𝐷 is

a sphere of diameter, Ψ is the feature extraction function,
𝐻
𝑖
(𝑥) is the 𝑖th histogram in Ψ(𝑥), and Γ is a histogram

intersection function which measures the overlap between
two histograms’ bins:

Γ (𝐴, 𝐵) =

𝑟

∑

𝑗=1

min (𝐴(𝑗), 𝐵(𝑗)) , (16)

where 𝐴 and 𝐵 are histograms with 𝑟 bins, and 𝐴(𝑗) denotes
the count of the 𝑗th bin of 𝐴. Since in the construction
of the pyramid phase Γ(𝐻

𝐿
(𝑦),𝐻

𝐿
(𝑧)) = min(|𝑦|, |𝑧|), and

Γ(𝐻
−1
(𝑦),𝐻

−1
(𝑧)) = 0, (15) is equivalent to
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, |𝑧|)

2
𝐿
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1

2
𝑖+1
Γ (𝐻
𝑖
(𝑦) ,𝐻

𝑖
(𝑧)) .

(17)

In order to preserve generality and obtain promising and
satisfactory classification results. Here, we employ support
vector machine (SVM) with pyramid match kernel (PMK-
SVM) as classifier. Under the multiclass circumstances, a set

of binary classifiers and majority vote technique are utilized
to perform multiclass categorization. Figure 1 illustrates our
classification scheme based on the suggested two-phase BIC
filtering process.

4. Experiments and Results

Experiments were performed on a high-spatial-resolution
satellite image with a size of 4000 pixels × 4000 pixels, as
presented in Figure 2. The view was captured by the GeoEye-
1 satellite on 21 November 2009 at Majuqiao town, which
locates in the southwest of Tongzhou, southeast of Beijing,
where the latitudes and longitudes at the lower right and
upper left corners are 39∘43N, 116∘32E and 39∘44N, 116∘30E
respectively. The ground sampling distance is approximately
0.5m and the band assignment is red for band 3, green for
band 2, and blue for band 1. The image mainly contains
eight-class satellite scenes: factories, roads, water, farm land,
high buildings, low buildings, bare land, and green land.
With associated geographic information, the reference data
presented in Figure 6(a) was manually labeled. Moreover,
some classes have not been taken into account, which can be
neglected, such as clearance between the green land and its
neighbours. Figure 3 exhibits one example of each class from
the eight-class satellite scene.

In this paper, the 𝑘-fold cross validation approach is used
to optimize the penalty parameters for each canonical feature
pair, where 𝑘 in 𝑘-fold cross validation is set to 10 by empirical.
Specifically, the obtained feature data are split into two parts:
1/𝑘 proportion of feature data for validation (testing) and the
remaining 𝑘 − 1/𝑘 proportion of feature data for training.
The loading vectors are yielded in the training procedure and
used in the testing procedure. We maximize the correlation
of testing feature data to select the sparseness parameters
𝜆
𝑢
and 𝜆V using cross validation approach. The weighted

vectors 𝑢 and V are obtained by the preset values of 𝜆
𝑢
and

𝜆V. Subsequently, the correlation is calculated by

Δ cor =
1

𝑘

𝑘

∑

𝑗=1






cor (𝑋

𝑗
𝑢
−𝑗
, 𝑌
𝑗
V−𝑗)





, (18)

where 𝑢−𝑗 and V−𝑗 are the weight vectors in the training sets
𝑋
𝑗
and 𝑌

𝑗
, respectively, and 𝑘 is the implementing times of

cross validation. Here, 𝑋
𝑗
and 𝑌

𝑗
are the test sets. Lastly,

𝜆
𝑢
and 𝜆V values are determined as optimum sparseness

parameters according to the maximum value of Δ cor.
To achieve reliable results and see the convergence

tendency of the classification accuracy, we conducted the
entire experiments with different proportions of training-
testing samples by using linear increasing number of training
samples and learnt that classification accuracy is gradually
boosted with an increasing number of training samples. To
avert training and testing samples are too spatially correlated,
we trained on 5, 10, 15, 20, 25 and 30 images in each
class and tested on the remainder. At the same time, we
chose training data and testing data from the different high-
spatial-resolution satellite scene for independent data set
and reconducted the classification experiments with these
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Figure 1: Flow chart of the suggested classification method.
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Figure 2: High-spatial-resolution satellite scene.

selected data; the acquired results were coincident as well.
The classifiers were not conspicuously biased within this
particular image for the moderate selected proportion of
training samples and hence classification results would not
be extremely exaggerated.We divided training\testing data at
randomand reiterated the experiments ten times.Meanwhile,
we kept an account of the average of each-class classification
accuracies for every run. The mean and standard deviation
of the results from each individual experiment were used to
quantify the final result.

For the sake of boost in classification performance to
some extent, these two features should be fused in an
apt tactic. For comparison purposes, SCCA with different
penalty functions (Lasso, Elastic-net, SCAD, and Hard-
threshold) was introduced to fuse the features yielded by
feature extraction methods adopted in this paper. It is all
obvious from Figure 4 and easy to observe that SCCA with
SCAD penalty function acquires a relatively outstanding
result over the other penalty functions. The reasons are
sketched as follows. On one side, in order to grip the
complete source of image information, we utilized two typical
and representative features to depict structure and colour
properties of the image, and these features contain the
essential and intrinsic information of the image. On the other
side, SCAD penalty function possesses the competence to
manipulate multicollinearity between features as compare to
the other penalty functions. However, these methods do not
have immediate control over the sparsity. Consequently, an
extra two-phase feature filtering process was indispensable to
conduct for further removing redundant and opaque infor-
mation between and within features. Figure 5 compares the
classification performance of four different penalty functions
with the suggested two-phase BIC based filtering process. It
is evident that classification accuracy enhances after utilizing
the suggested BIC filter, which can be explained by the
possibility that without the suggested BIC filter the SCCA
may not necessarily engender sparse set of features. In other
words, after using the suggested BIC filter the noisy and
redundant information among features have been further
eliminated.

Note that the SCAD penalty function with the suggested
BIC filter yielded the best classification accuracy. Figures
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Figure 3: Examples of each class in the eight-class satellite scene.
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Figure 4: Performance comparison using different penalty func-
tions on SCCA without the suggested BIC filter.

6(a) and 6(b) show the comparison between the reference
image in the same satellite scene and the best classified image
acquired by our method (SCAD penalty function SCCA
with the suggested BIC filter), respectively, and the confusion
matrices obtained via SCAD penalty function SCCA without
and with the suggested BIC filter are presented in Figures 7
and 8, respectively.

It is as expected thatmisclassificationwasmore inclinable
to emerge between short buildings and factories. This is
due to the fact that factories often include dense houses
and level and perpendicular lines, which resemble short
buildings. Meantime green land was misclassified as farm
land or bare land; the most contributing factor to this
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Figure 5: Performance comparison using different penalty func-
tions on SCCA with the suggested BIC filter.

misclassification is that these classes possess similar elements
and patterns. However, confusions between some classes
were tough to understand. Namely, some short buildings,
roads, and factories were classified as bare land.

5. Conclusions

In this paper, a BIC based feature filtering approach was
presented for high-spatial-resolution satellite scene classifica-
tion.The SCCAwith a two-phase BIC feature filtering process
acts as a crucial component in satellite scene classification
and can strikingly meliorate the classification accuracy by
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Figure 6: Classification results for the eight-class satellite image. (a)The hand-labelled reference data. (b)The best classified image using our
method (SCAD penalty function SCCA with the suggested BIC filter).
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Figure 7: Confusion matrix for eight-class high-spatial-resolution
satellite scene data using SCAD penalty function SCCA without the
suggested BIC filter. The entry in the 𝑖th row and 𝑗th column is the
percentage of images from class 𝑖 that were misclassified as class 𝑗.

efficaciously filtering and selecting two distinct and comple-
mentary features, SIFT and colour histogram. However, in
the absence of a prior original features processing step before
using the suggested SCCA feature fusion method, current
method is greatly restricted in the experiments of Majuqiao
town satellite scene classification. To solve the aforemen-
tioned issue, we intend to implement a sparse coding step
to the original features before utilizing the feature fusion
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Figure 8: Confusion matrix for eight-class high-spatial-resolution
satellite scene data using SCAD penalty function SCCA with the
suggested BIC filter. The entry in the 𝑖th row and 𝑗th column is the
percentage of images from class 𝑖 that were misclassified as class 𝑗.

method for reducing the computational cost and enhancing
classification accuracy.
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This paper presents a new automatic change detectionmethod ofmultitemporal remote sensing images based on 2D-Otsu algorithm
improved by Firefly algorithm.The proposed method is designed to automatically extract the changing area between two temporal
remote sensing images. First, two different temporal remote sensing images were acquired through difference value method of
remote sensing images; then, the 2D-Otsu threshold segmentation principles are analyzed and the optimal threshold of 2D-Otsu
threshold segmentation method is figured out by using the Firefly algorithm, where the difference images are conducted with
binary classification to obtain the changing category and the nonchanging category; finally, the proposed method is used to carry
out change detection experiments on the two selected areas, where a variety of methods are compared. Experimental results show
that the proposed method can effectively and quickly extract the changing area between the two temporal remote sensing images;
thus, it is an effective method of change detection for remote sensing images.

1. Introduction

With the development of society and technology, human
activities are changing the landscape of ground surface and its
utilization mode every day.The rapid population growth and
frequent natural disasters have also accelerated the speed of
such changes. Therefore, quickly and effectively monitoring
the information of such changes and analyzing the char-
acteristics, causes, impacts and results of the changes have
great significance to the global sustainable development [1].
Emergence and development of remote sensing technology
have provided technical support for quickly and effectively
monitoring the information of these changes. Detection of
remote sensing image changes aims to acquire the changing
information of desired surface features by analyzing and
processing two or multiple remote sensing images of the
same area at different times [2, 3]. Currently, the change
detection technology of remote sensing image has been
widely used in many fields, such as disaster assessment

[4], land use/coverage monitoring [5], environmental change
monitoring [6], agricultural survey [7], and urban planning
[8].

Currently, a number of methods have been proposed for
the change detection of remote sensing image. At present,
change detection mainly includes two strategies: direct com-
parison and postclassification comparison, of which the post-
classification comparison strategy is an approach to classify-
ing (supervised or unsupervised method) different temporal
images of the same area to compare and analyze the classified
results in order to obtain the location and type of changing
information. The advantage of this strategy is to minimize
the impact of nonfeature change factors, but the change
detection accuracy through this strategy is substantially equal
to the product of the two classification accuracy values,
and the classification error of each temporal classification
result will be amplified in the process of comparison, thus
inevitably exaggerating the extent of changes. Meanwhile,
it is often more complex and difficult to get high-accuracy
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classification results, resulting in low-accuracy and uncertain
change detection results [9]. Therefore, the strategy of direct
comparison has always been highlighted in researches on
change detection. Direct comparison is a strategy to obtain
difference images by directly operating and alternating the
pixel values of different temporal remote sensing images of
the same area that have been calibrated so as to figure out
the changing area by analyzing the difference images. In
analyzing these difference images, it would be themost simple
thing to directly use one-dimensional threshold processing
methods, but the processing accuracy of threshold is not
high [10, 11]. In order to improve the processing accuracy of
threshold, many scholars have proposed to extend the one-
dimensional threshold selection method to two dimensions
(2D). Currently, a number of two-dimensional threshold
selection methods have been raised, such as 2D entropy (2D
maximum entropy, 2D minimum cross entropy) [12], 2D-
Otsu [13], and 2D maximum fuzzy entropy [14], but it is still
difficult to select the threshold values of the two-dimensional
histogram, for which unremitting exploration efforts have
been made by many scholars. To solve this problem, many
scholars attempt to achieve fast optimization for the 2D
threshold by combining 2D threshold segmentation method
and optimization algorithm. Shen et al. [15], Zheng et al. [16],
and Alim et al. [17] sought to figure out the optimal threshold
of 2D maximum entropy, respectively, through genetic algo-
rithm, ant colony algorithm, PSO (Particle SwarmOptimiza-
tion) algorithm, and ABCO (Artificial Bee Colony Opti-
mization). Qian used PSO algorithm to find the optimal
threshold of 2D-Otsu [18]. Tian and Zeng used QPSO
(Quantum-behaved Particle Swam Optimization) algorithm
to carry out image threshold segmentation in combination
with 2D maximum fuzzy entropy [19]. The applications of
PSO algorithm, QPSO algorithm, bee colony algorithm, ant
colony algorithm, and genetic algorithm have improved the
speed of figuring out thresholds, but the optimization results
may be inaccurate as these algorithms are prone to falling into
local extremum.

The Firefly algorithm [20] is a global optimization algo-
rithm proposed by Yang, which can overcome the problem
of easily falling into local optimum. Chen et al. [21] and
Alomoush et al. [22], respectively, applied the Firefly algo-
rithm to find optimal threshold and then used for image
segmentation and achieved good segmentation results. Given
the fast global search capability of the Firefly algorithm
and the good segmentation result of 2D-Otsu threshold
segmentation method, this paper segments the thresholds of
difference images by combing the Firefly algorithm and 2D-
Otsu thresholdmethod to obtain the binary change detection
map.

2. Architecture of the Proposed Method and
Problem Formulation

Assume 𝑇
1

= {𝑇
1
(𝑖, 𝑗), 1 ≤ 𝑖 ≤ 𝑀, 1 ≤ 𝑗 ≤ 𝑁}

and 𝑇
2

= {𝑇
2
(𝑖, 𝑗), 1 ≤ 𝑖 ≤ 𝑀, 1 ≤ 𝑗 ≤ 𝑁} are the

remote sensing images of the same area at different times 𝑡
1

and 𝑡
2
that underwent standard product preprocessing and

coregistration; the remote sensing image sizes are𝑀×𝑁.The
ultimate aim of the proposedmethod is to generate the binary
changemap.The proposedmethod consists of three steps: (1)
construction of difference image; (2) threshold optimization
based on Firefly algorithm; and (3) generation of final binary
change map.

First, it is construction of difference images. Currently,
there are two methods, namely, image algebraic operation
and image transformation, to construct difference images.
The method based on image algebraic operation includes
difference method, ratio method, and the combination of
difference method and ratio method; the method based on
image transformation includes principal component analysis,
change vector analysis and correlation analysis. Since the
image algebraic operation method requires simple algorithm
but can obtain high accuracy, this paper applied the image
difference method of the image algebraic operation, which
can be expressed below:

DI (𝑥, 𝑦) = 𝑇
1
(𝑖, 𝑗) − 𝑇

2
(𝑖, 𝑗) , (1)

where DI(𝑥, 𝑦) is the difference image constructed.
Second, it is optimization of Firefly threshold. After

acquiring the difference images, the difference images need
to be analyzed so as to obtain the binary change map.
Binary classification through threshold segmentation is one
of the most frequently used methods. Selecting thresholds
via one-dimensional histogram is the easiest method, of
which the main method is OTSU algorithm. However, as
OTSU algorithm does not use local spatial data of the
image, the segmentation will be ineffective when the image
is subject to noise disturbance or gray scale distribution
intersection. Therefore, many scholars have expanded it to
two-dimensional approach, and better segmentation results
have been achieved [23]. To this end, this paper used the
2D-Otsu algorithm to analyze difference images acquired.
However, compared with the thresholds selected in one-
dimensional histogram, 2D-Otsu algorithm requires a large
amount and a long time of computation. To solve the above
problem, the Firefly algorithm is introduced to optimize the
threshold of 2D-Otsu algorithm.

Third, it is generation of the final binary change map.
After figuring out the optimal threshold of 2D-Otsu algo-
rithm, threshold segmentation is given to difference images to
obtain the binary change detection map of the two temporal
remote sensing images.

3. Change Detection Based on 2D-Otsu
Algorithm Improved by Firefly Algorithm

3.1. 2D-OtsuThreshold Segmentation Method. The size of the
difference image DI(𝑥, 𝑦) is 𝑀 × 𝑁, where 1 ≤ 𝑥 ≤ 𝑀,
1 ≤ 𝑦 ≤ 𝑁, the gray scale of the image is 𝐿, and the average
gray-scale of pixel neighborhood is also divided into𝐿 level. A
binary group is obtained by calculating the average gray scale
of its neighborhood at each pixel point, that is, the gray-scale
value of the pixel point and the average gray-scale value of its
neighborhood. Assume the probability of the binary group
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(𝑖, 𝑗) is 𝑓
𝑖𝑗
; the corresponding joint probability density 𝑝

𝑖𝑗
can

be defined as [13, 24]

𝑝
𝑖𝑗
=

𝑓
𝑖𝑗

(𝑀 × 𝑁)
, (2)

where𝑀×𝑁 is the number of pixels of the difference image,
𝑖, 𝑗 = 1, 2, . . . , 𝐿, and

𝐿

∑

𝑖=1

𝐿

∑

𝑗=1

𝑝
𝑖𝑗
= 1. (3)

Assume that there are two categories, namely, 𝐶
0
(chang-

ing category) and 𝐶
1
(nonchanging category) in the 2D

histogram, as well as two different probability density distri-
bution functions. Set the threshold value as (𝑠, 𝑡); then, the
probabilities of 𝐶

0
and 𝐶

1
are shown below:

𝜔
0
=

𝑠

∑

𝑖=1

𝑡

∑

𝑗=1

𝑝
𝑖𝑗
,

𝜔
1
=

𝐿

∑

𝑖=𝑠+1

𝐿

∑

𝑗=𝑡+1

𝑝
𝑖𝑗
.

(4)

The corresponding mean vectors of 𝐶
0
and 𝐶

1
are

𝜇
0
= (𝜇
0𝑖
, 𝜇
0𝑗
)
𝑇

= (

𝑠

∑

𝑖=1

𝑡

∑

𝑗=1

𝑖𝑝
𝑖𝑗

𝜔
0

,

𝑠

∑

𝑖=1

𝑡

∑

𝑗=1

𝑗𝑝
𝑖𝑗

𝜔
0

)

𝑇

, (5)

𝜇
1
= (𝜇
1𝑖
, 𝜇
1𝑗
)
𝑇

= (

𝐿

∑

𝑖=𝑠+1

𝐿

∑

𝑗=𝑡+1

𝑖𝑝
𝑖𝑗

𝜔
1

,

𝐿

∑

𝑖=𝑠+1

𝐿

∑

𝑗=𝑡+1

𝑗𝑝
𝑖𝑗

𝜔
1

)

𝑇

.

(6)

The total mean vector of 2D histogram is

𝜇
𝑇
= (𝜇
𝑇𝑖
, 𝜇
𝑇𝑗
)
𝑇

= (

𝐿

∑

𝑖=1

𝐿

∑

𝑗=1

𝑖𝑝
𝑖𝑗
,

𝐿

∑

𝑖=1

𝐿

∑

𝑗=1

𝑗𝑝
𝑖𝑗
)

𝑇

. (7)

Usually, the probability away from the histogramdiagonal
can be negligible; then, it can be assumed in the two areas:
𝑖 = 𝑠 + 1, . . . , 𝐿; 𝑗 = 1, . . . , 𝑡 and 𝑖 = 1, . . . , 𝑠; 𝑗 = 𝑡 + 1, . . . , 𝐿

have 𝑝
𝑖𝑗
≈ 0, where

𝜔
0
+ 𝜔
1
≈ 1, 𝜇

𝑇
= 𝜔
0
𝜇
0
+ 𝜔
1
𝜇
1
. (8)

Define a between-class dispersion matrix:

𝑆
𝐵
= 𝜔
0
(𝜇
0𝑖
− 𝜇
𝑇𝑖
) (𝜇
0𝑗

− 𝜇
𝑇𝑗
)

+ 𝜔
1
(𝜇
1𝑖
− 𝜇
𝑇𝑖
) (𝜇
1𝑗

− 𝜇
𝑇𝑗
) .

(9)

Use the trace of 𝑆
𝐵
as a measure of the between-class

dispersion matrix; then, the 2D-Otsu function of the thresh-
old value (𝑠, 𝑡) corresponding to the difference image can be
defined as

𝑡
𝑟
𝜎
𝐵
(𝑠, 𝑡) = 𝜔

0
[(𝜇
0𝑖
− 𝜇
𝑇𝑖
)
2

+ (𝜇
0𝑗

− 𝜇
𝑇𝑗
)
2

]

+ 𝜔
1
[(𝜇
1𝑖
− 𝜇
𝑇𝑖
)
2

+ (𝜇
1𝑗

− 𝜇
𝑇𝑗
)
2

] .

(10)

By using Formula (8), it can be simplified into

𝑡
𝑟
𝜎
𝐵
(𝑠, 𝑡) =

[𝜔
0
𝜇
𝑇𝑖

− 𝜇
𝑖
]
2

+ [𝜔
0
𝜇
𝑇𝑗

− 𝜇
𝑗
]
2

𝜔
0
[1 − 𝜔

0
]

, (11)

where 𝜇
𝑖
= ∑
𝑠

𝑖=1
∑
𝑡

𝑗=1
𝑖𝑝
𝑖𝑗
, 𝜇
𝑗
= ∑
𝑠

𝑖=1
∑
𝑡

𝑗=1
𝑗𝑝
𝑖𝑗
.

The segmentation criteria corresponding to the 2D-Otsu
threshold segmentation method has to maximize the 2D-
Otsu function 𝑡

𝑟
𝜎
𝐵
(𝑠, 𝑡) for the purpose of obtaining the

optimal threshold (𝑠
∗
, 𝑡
∗
).

3.2. 2D-OtsuThreshold Segmentation Method Based on Firefly
Algorithm. In order to solve the problem that 2D-Otsu
threshold segmentation method requires a large amount and
long time of computation, this paper applied the Firefly algo-
rithm to the threshold optimization for 2D-Otsu threshold
segmentation method and proposed the 2D-Otsu threshold
segmentation method based on the firefly algorithm, so as to
convert the threshold value selection of 2D-Otsu threshold
segmentation method into the optimization of 2D-Otsu
function 𝑡

𝑟
𝜎
𝐵
(𝑠, 𝑡) based on the Firefly algorithm.

The Firefly algorithm [25], proposed by Yang in the Cam-
bridge University, is a bionic swarm intelligent optimization
algorithm by simulating the natural behaviors of fireflies.The
algorithm is characterized by simple parameter setting, high-
accuracy optimization, and powerful global optimization
[20]. The principle of Firefly algorithm is to simulate firefly
individuals in nature by searching for space dots. In the
optimization process, by using the phototaxis characteristics
of firefly, the searching and optimization process is simulated
into the attraction and movement process of firefly individ-
uals, where the target function of the problem is measured
by the merits of the position of firefly individuals. In other
words, the target function of the problem is converted into the
firefly seeking maximum brightness. The process of survival
of the fittest among firefly individuals is also the iterative
process of feasible solutions in the course of target function
optimization. Therefore, the Firefly algorithm can rapidly
conduct global optimization [21].

Firefly algorithm consists of two main elements: bright-
ness and attraction, where brightness reflects the merits
of the position of fireflies and determines the movement
direction of firefly individuals, while attraction determines
the movement distance of firefly individuals. Through the
continuous updating and iteration of brightness and attrac-
tion, the optimal solution to the target function will be
achieved [21, 26, 27]. In the Firefly algorithm, the relative
fluorescence brightness of firefly individuals is defined as

𝐼 = 𝐼
0
× 𝑒
−𝛾𝑟
2

𝑖𝑗 , (12)

where 𝐼
0
is the maximum fluorescence brightness of the

firefly, 𝛾 is the attraction coefficient of light intensity, which
is usually set to a constant; 𝑟

𝑖𝑗
is the spatial distance between

Fireflies 𝑖 and 𝑗, that is, 𝑟
𝑖𝑗

= ‖𝑥
𝑖
− 𝑥
𝑗
‖, where 𝑥

𝑖
and 𝑥

𝑗
are,

respectively, the spatial position of Fireflies 𝑖 and 𝑗.
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(a) July 15, 1989 (b) January 14, 2010 (c) Reference map of changed area

Figure 1: Multitemporal remote sensing images of Poyang Lake in Jiangxi Province.

The attraction degree of firefly is defined as

𝛽 = 𝛽
0
× 𝑒
−𝛾𝑟
2

𝑖𝑗 , (13)

where 𝛽
0
is the biggest attraction of the firefly.

In the case that Firefly 𝑖 is attracted by Firefly 𝑗 andmoves
towards the position of Firefly 𝑗, it can be defined in the
formula below:

𝑥
𝑖
= 𝑥
𝑖
+ 𝛽 × (𝑥

𝑗
− 𝑥
𝑖
) + 𝛼 × (rand −

1

2
) , (14)

where 𝛼 is the step size factor which is a constant between
[0, 1]; rand is the uniformly distributed random factor
between [0, 1]; 𝛼 × (rand − 1/2) is the random disturbance
to avoid untimely falling into local optimum.

By setting the 2D-Otsu function 𝑡
𝑟
𝜎
𝐵
(𝑠, 𝑡) as the target

function of the Firefly algorithm, the optimization result
of the Firefly algorithm is the position 𝑡

𝑟
𝜎
𝐵
(𝑠
∗
, 𝑡
∗
) of the

firefly with maximum brightness and (𝑠
∗
, 𝑡
∗
) is the desired

threshold. The implementation process is as follows:

(1) initialize the basic parameters of the Firefly algorithm.
Set the number of fireflies as 𝑛, of which the max-
imum attraction is 𝛽

0
, the light intensity attraction

coefficient is 𝛾, the step factor is 𝛼, and the maximum
number of iterations is 𝑇;

(2) by randomly initializing the position of fireflies,
calculate the 2D-Otsu function value 𝑡

𝑟
𝜎
𝐵
(𝑠
𝑖
, 𝑡
𝑖
) cor-

responding to each firefly and take the target function
as their brightness to get the position of the fireflywith
maximum brightness;

(3) calculate the relative brightness 𝐼 and attraction
degree 𝛽 of fireflies based on (12) and (13), and
determine their movement direction according to the
relative brightness;

(4) update the spatial position of fireflies based on For-
mula (14), and carry out random disturbance on
fireflies in the best position;

(5) recalculate the brightness of fireflies based on the
updated position of fireflies;

(6) when the maximum number of searches is reached,
go to (6); otherwise, the number of searches should
plus 1; then, go to (3) for the next search;

(7) output the position and brightness of the firefly with
maximum brightness, and segment the difference
images by taking (𝑠

∗
, 𝑡
∗
) as a threshold.

4. Experiments and Results

4.1. Description of Experimental Data. In order to verify the
validity and reliability of the proposed method as well as
the advantages of the proposed method on the operating
speed, the paper selected two groups of experimental data
set, both of which were Landsat5 TM remote sensing images,
with a spatial resolution of 30m. The data set is provided by
International Scientific & Technical Data Mirror Site, Com-
puter Network Information Center, and Chinese Academy of
Sciences (http://www.gscloud.cn/).

The first group of data set consists of two Landsat5 TM
remote sensing images of the local area of Poyang Lake in
Jiangxi Province, as shown in Figures 1(a) and 1(b). Figures
1(a) and 1(b) were, respectively, acquired on July 15, 1989, and
on January 14, 2010, and the size of two remote sensing images
was 510 × 510 pixels, with a gray-scale of 256; their reference
changing map is shown in Figure 1(c), where the black area
is the changing area, and 69,413 pixels were changed and
190,687 pixels were unchanged.

The second group of data set consists of two Landsat5
TM remote sensing images of the local area of Dongting
Lake in Hunan Province, as shown in Figures 4(a) and 4(b).
Figures 4(a) and 4(b) were, respectively, acquired on July 19,
1991, and on October 24, 2009, and the size of two remote
sensing images was 610 × 610 pixels, with a gray-scale of 256;
their reference changing map is shown in Figure 4(c), where
the black area is the changing area, and 102,096 pixels were
changed and 270,004 pixels were unchanged.

4.2. Change Detection Results and Analysis. The proposed
method was verified by two experimental schemes.
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(a) Image differencing (b) Image ratioing (c) Mixed method

Figure 2: The first set of experiments of Poyang Lake in Jiangxi Province.

Table 1: False alarms, missed alarms, and total errors for three
difference methods in Poyang Lake.

Difference image
acquisition methods

False alarms Missed alarms Total errors
Pixels % Pixels % Pixels %

Difference operator 4945 2.59% 8636 12.44% 13581 5.22%
Ratio operator 10142 5.32% 7670 11.05% 17812 6.85%
IMTF operator 3204 1.68% 12499 18.01% 15703 6.04%

The first experimental scheme, respectively, applied
difference method, ratio method, and the combination of
difference method and ratio method to construct difference
images and used the improved 2D-Otsu algorithm based on
Firefly algorithm for segmentation to get the binary change
map, where, after several experiments, the parameters
of the Firefly algorithm were set below: the number of
fireflies 𝑛 = 50, the initial attraction degree 𝛽

0
= 0.2, light

intensity coefficient 𝛾 = 1, step factor 𝛼 = 0.25, and the
maximum number of iterations 𝑇 = 100. The second
experimental scheme, respectively, applied the proposed
2D-Otsu improved by Firefly algorithm, two-dimensional
maximum entropy and two-dimensional maximum fuzzy
entropy to process the difference images obtained from the
image difference method to get the binary change map. In
order to quantitatively evaluate the accuracy of the proposed
method, the false detection rate, missed detection rate, and
overall error rate were taken as evaluation factors [2].

In the first experimental scheme, the 2D-Otsu algorithm
improved by the proposed Firefly algorithm based on the
two groups of data set, respectively, processed the differ-
ence images constructed through difference method, ratio
method, and the combination of difference method and
ratio method to get the binary change map, of which the
detection results are shown in Figures 2 and 5, and the
change detection accuracy is shown in Tables 1 and 3. As
can be seen from Tables 1 and 3, the difference method
led to the minimum number of pixel errors, followed by
the result produced by the combination method, and the
ratio method led to the maximum number of pixel errors.

According to the three evaluation factors, namely, overall
false detection rate, missed detection rate, and overall error
rate, the difference image resulting from the image difference
method can get better change detection results. In addition,
as can be seen from Figure 5, the detection results from the
ratiomethod produced a number ofmissed and false changed
pixel elements; although the detection resulting from the
combinationmethod reduced the number of false detections,
it led to a huge number of missed detections; the detection
results from difference method did not produce a number
of false or missed detections; thus, it was much closer to the
reference map.

In the second experimental scheme, the 2D-Otsu algo-
rithm, two-dimensional maximum entropy and two-dimen-
sional maximum fuzzy entropy improved by the Firefly
algorithm based on the two groups of data set processed
the difference images obtained from the image difference
method to get the binary change map, of which the detection
results are shown in Figures 3 and 6, and the comparison
results among the change detection accuracy based on the
three methods are shown in Tables 2 and 4. As can be
seen from Tables 2 and 4, although the detection results
based on the two-dimensional maximum entropy and the
two-dimensional maximum fuzzy entropy had a very low
false detection rate, a number of changed pixel elements
were missed. The missed detection rate based on the two-
dimensional maximum entropy method was above 80%,
while themissed detection rate based on the two-dimensional
maximum fuzzy rate was between 55% and 65%. The false
detection rate and the missed detection rate based on the
proposedmethodwere lower, of which the false detection rate
was maintained below 3%, and the missed detection rate was
maintained below 13%. As can also be seen from Figures 3
and 6, compared with the reference change map, the binary
change detection results based on the two-dimensional max-
imum entropy and the two-dimensional fuzzy maximum
entropy showed a number of changed pixel elements.

As can be seen from the two experimental schemes, the
proposedmethod is an effective and reliable change detection
method for multitemporal remote sensing images.
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(a) Proposed method (b) 2D maximum entropy (c) 2D maximum fuzzy entropy

Figure 3: The second set of experiments of Poyang Lake in Jiangxi Province.

(a) July 19, 1991 (b) October 24, 2009 (c) Reference map of changed area

Figure 4: Multitemporal remote sensing images of Dongting Lake in Hunan Province.

Table 2: False alarms, missed alarms, and total errors for three
change detection methods in Poyang Lake.

Change detection
methods

False alarms Missed alarms Total errors
Pixels % Pixels % Pixels %

Proposed method 4945 2.59% 8636 12.44% 13581 5.22%
2D maximum
entropy 28 0.01% 58870 84.81% 58898 22.64%

2D maximum
fuzzy entropy 164 0.09% 39906 57.49% 40070 15.41%

5. Conclusion

Thresholding processing is an effective method to detect
changes in multitemporal remote sensing images. One-
dimensional thresholding can be simply implemented, but
the thresholding accuracy is not high. In order to improve
the accuracy of detection change, the 2D-Otsu algorithm
is used for the change detection of multitemporal remote
sensing images. However, the 2D-Otsu algorithm has dif-
ficult threshold selection and requires a large amount of

Table 3: False alarms, missed alarms, and total errors for three
difference methods in Dongting Lake.

Difference image
acquisition methods

False alarms Missed alarms Total errors
Pixels % Pixels % Pixels %

Difference operator 4548 1.68% 11268 11.04% 15816 4.25%
Ratio operator 85119 31.53% 29885 29.27% 115004 30.91%
IMTF operator 1295 0.47% 36496 35.75% 37791 10.16%

computation; thus, the Firefly algorithm is introduced to
conduct threshold optimization for 2D-Otsu algorithm, from
which the automatic change detection method of multitem-
poral remote sensing images based on 2D-Otsu algorithm
improved by Firefly algorithm has been proposed. First, this
paper first applied the image difference method to construct
the difference images, and conducted threshold optimization
for 2D-Otsu algorithm by using Firefly algorithm; then, the
2D-Otsu algorithm was used to segment the threshold values
on the difference images to get the binary change map,
and finally the false detection rate, missed detection rate,
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(a) Image differencing (b) Image ratioing (c) Mixed method

Figure 5: The first set of experiments of Dongting Lake in Hunan Province.

(a) Proposed method (b) 2D maximum entropy (c) 2D maximum fuzzy entropy

Figure 6: The second set of experiments of Dongting Lake in Hunan Province.

Table 4: False alarms, missed alarms, and total errors for three
change detection methods in Dongting Lake.

Change detection
methods

False alarms Missed alarms Total errors
Pixels % Pixels % Pixels %

Proposed method 4548 1.68% 11268 11.04% 15816 4.25%
2D maximum
entropy 27 0.01% 83949 82.23% 83976 22.57%

2D maximum
fuzzy entropy 183 0.07% 63810 62.50% 63993 17.20%

and overall error rate were separately used to evaluate the
accuracy of detection results.

In order to verify the effectiveness, reliability, and oper-
ating speed advantages of the proposed method, several
change detection experiments were made to the two groups
of data set, and the results were compared with the change
detection methods based on the two-dimensional maximum
entropy and the two-dimensional maximum fuzzy entropy.
Experimental results showed that the change detection accu-
racy (overall error rate) of the proposed method averaged

4.74%, better than the detection accuracies based on the two-
dimensional maximum entropy method (22.61%) and the
two-dimensional maximum fuzzy entropy method (16.31%).
Therefore, the proposedmethod can efficiently and accurately
identify the changing area of multitemporal remote sensing
images. Of course, further researches are still required in
terms of how to set the initial parameters of fireflies so as
to reduce the impacts of nonoptimal initial parameters on
threshold optimization.
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Automatic fusion of different kinds of image datasets is so intractable with diverse imaging principle. This paper presents a novel
method for automatic fusion of two different images: 2D hyperspectral images acquired with a hyperspectral camera and 3D
laser scans obtained with a laser scanner, without any other sensor. Only a few corresponding feature points are used, which are
automatically extracted from a scene viewed by the two sensors. Extraction method of feature points relies on SURF algorithm and
camera model, which can convert a 3D laser scan into a 2D laser image with the intensity of the pixels defined by the attributes
in the laser scan. Moreover, Collinearity Equation and Direct Linear Transformation are used to create the initial corresponding
relationship of the two images. Adjustment is also used to create corrected values to eliminate errors.The experimental result shows
that this method is successfully validated with images collected by a hyperspectral camera and a laser scanner.

1. Introduction

Hyperspectral imaging technology can quickly detect hun-
dreds or even thousands of different light frequencies and
relative intensities of surface features, which is unlike regular
cameras that are typically sensitive to only three different
frequencies (red, green, and blue). Laser scanning technology
can quickly obtain the accurate geometry information of sur-
face features in despite of the adverse external circumstances.
If the hyperspectral data and the laser data can be fused,
the spectral information and the spatial information of the
same location can be obtained at the same time, which can
effectively make up for the deficiency of single data source.

Currently, the registration and fusion of hyperspectral
images and laser scans have been the research hotspots.
However, because of the multiple different sensors and the
different imaging modalities the fusion is very complicated.
The most common approach is to perform registration using
manual methods. However, this approach is very low preci-
sion in practice. Only several methods exist for aligning these
two datasets of the same location. Nieto et al. [1] installed

a digital camera on top of the laser to acquire the color point
clouds and translated it into the 2D color image; then the
registration is completed by the piecewise linear transform.
Kurz et al. [2] used two sensors to detect the position of the
target and then corrected them to complete the registration.
Zachary and Juan [3] obtained initial position between two
sensors through GPS and then used the mutual information
to achieve the registration. In addition, some methods of
aligning regular digital image with laser scan can be used
for reference. For example, Tsai camera calibration method
[4, 5] was used to obtain the 2D-3D homologous points
and the unknown parameters to implement the registration.
However, the precise corresponding points were difficultly
found because of the difference of color structure. The
stereo matching [6] was used to convert multi-images to 3D
point clouds to realize the 2D-3D registration. However, this
method did not realize the registration of single image and
point cloud.Moreover, themutual information [7–9]was also
used to complete the 2D-3D registration.The collinear equa-
tion was used to construct 2D-3D correspondence [10, 11] to
implement the registration of aerial images and laser scans.
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Figure 1: Hyperspectral Image cube model.
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In summary, the attempt in this paper is to create a
method that can correctly register and fuse the hyperspectral
data and the laser data without the additional sensors.
The remainder of this paper is organized as follows. Sec-
tion 2 provides the mathematical model of this algorithm.
Section 3 in great detail describes the algorithm of auto-
matic fusion. Section 4 simulates and verifies this automatic
fusion methodology. Finally Section 5 makes the concluding
remarks and maps out the directions for future work.

2. Derivation of Mathematical Model

2.1. Definition of Coordinate System

2.1.1. Coordinate System of Hyperspectral Image. The data
model of hyperspectral image, different from the model
of remote sensing image and digital image, is the feature
vector representationmodel and can be expressed by the data
cube model, as shown in Figure 1. 𝑥-axis and 𝑦-axis denote
the space dimensions and 𝜆-axis denotes the spectral band.
𝑋𝑂𝑌-plane is the image information of a band or multiband
of hyperspectral image; 𝑋𝑂𝜆-plane and 𝑌𝑂𝜆-plane are the
spectrum information of a hyperspectral image line, as shown
in Figures 1(a) and 1(b). The cube model and the spectrum
oscillogram of a hyperspectral pixel are shown in Figure 1(c).

Rotary broom hyperspectral camera scans imaging with
the line array scanning mode and the hyperspectral image
is the 2D image. Imaging geometric model is to create the
mapping relationship between object space and image space,
as shown in Figure 2, where 𝑂hyp is the coordinate origin;

One frame
zlas

xlas

ylas
Laser

Laser imaging

Olas

Figure 3: Coordinate system of Laser Scan.

𝑥hyp is the abscissa, which is along the rotation direction of
hyperspectral camera from the rotation starting location;𝑦hyp
is the ordinate, which is along the rotation vertical direction.
The horizontal resolution is determined with the rotation
speed of turntable and the vertical resolution is determined
by the scanning speed of hyperspectral camera.

2.1.2. Coordinate System of Laser Scans. Terrestrial 3D laser
scans imaging with the line array scanning mode and the
laser image is 3D point clouds, whose coordinate system is
confirmed by the self-laser, as shown in Figure 3, where 𝑂las
is the coordinate origin, which is the scanner electrooptical
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center; 𝑧las is the scanner vertical rotation axis; 𝑥las is along
the optical axis scanner arbitrary horizontal angle, such as
the first horizontal angle or the north direction of the built-in
magnetic compass; 𝑦las is orthogonal to 𝑥las and 𝑧las, which is
formed by the right-hand system.

2.2. Definition of Camera Model. Rotary broom hyperspec-
tral camera and Terrestrial 3D laser are both dependent
on the cylindrical coordinate system, but their images are,
respectively, 2D and 3D, so the camera model is formed to
transform the 3D laser scan into the 2D laser image.

This camera model is inferred by panoramic camera
model [12, 13], as shown in Figure 4. The formula is shown
in

𝑥
2d-las = 𝑥0 − 𝑐 arctan(−

𝑦las
𝑥las

) + Δ𝑥,

𝑦
2d-las = 𝑦0 −

𝑐𝑧las

√𝑥
2

las + 𝑦
2

las

+ Δ𝑦,

(1)

where (𝑥las, 𝑦las, 𝑧las) is the point of laser scan; (𝑥2d-las, 𝑦2d-las)
is the point of 2D laser image; 𝑐 is the principle distance of
the cameral model; (𝑥

0
, 𝑦
0
) is the principle point of 2D laser

image; (Δ𝑥, Δ𝑦) is the correction parameter.
Through (1), the point of 2D laser image (𝑥

2d-las, 𝑦2d-las)
is calculated, but the type of their values is double and the
type of 2D image pixel is integer, so (𝑥

2d-las, 𝑦2d-las) must be
changed into the integer value, as shown in

𝑥
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where (𝑥
2d-las, 𝑦



2d-las) is the point position of the 2D image;
𝐴
𝑚
is the horizontal resolution; 𝐴

𝑛
is the vertical resolution.

The pixels value of 2D laser image is defined by the
attributes of the laser scan, which may be the information
such as color, curvature, and normal, and so forth. The
formula is as follows:

color =
col −min𝑦

max𝑦 −min𝑦
× 255, (3)

where color is the value of (𝑥
2d-las, 𝑦



2d-las), ranged in [0–255];
col is the attribute value of (𝑥las, 𝑦las, 𝑧las); max𝑦 and min𝑦
are, respectively, the maximum and the minimum of this
attribute.

3. Algorithm of Automatic Fusion

In this automatic fusion algorithm, first of all, the hyperspec-
tral gray image (imagehyp) is extracted from the hyperspectral
image and the 2D laser image (imagelas) from the laser scan is
created by the camera model. And then, the feature points of
(imagehyp) and (imagelas) are produced with SURF and SC-
RANSAC, and the feature points of hyperspectral image and
laser scan are generated with the inverse operation of camera
model. The initial registration is achieved by Collinearity
Equation and Direct Linear Transformation; the precision
registration is completed through creating corrected values
to eliminate errors with Adjustment. At length, the automatic
fusion is accomplished by the registration result. This algo-
rithm flowing chart is shown in Figure 5.

3.1. Initial Registration

3.1.1. Extraction of Feature Points. Feature Points between
(imagehyp) and (imagelas) are extracted by SURF algorithm
[14], which is superior to SIFT algorithm in every aspect
[15–17]. In order to eliminate the error feature points, SC-
RANSAC [18] is used, which is the currently fastest RANSAC
extension coalesced with RANSAC and spatial consistency
check from the literature [19]. Moreover, the searching
method, an important role to improve the speed, is the
stochastic KD tree algorithm [20], which searches bymultiple
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stochastic KD tree to advance searching nodes and whose
accuracy andmatching speed are better for high dimensional
data search [21, 22].

After completing the extraction of feature points, accord-
ing to the inversion operation of camera model, the corre-
sponding 3D feature points of (imagelas) is found. If 𝑃𝑖 (𝑖 =
1, . . . , 𝑛) are the feature points of hyperspectral image and
𝑄
𝑖
(𝑖 = 1, . . . , 𝑛) are the corresponding feature points of

laser scan, the corresponding feature points between themare
found, too.

3.1.2. Collinearity Equation. The Collinearity Equation, the
basic equation of photogrammetry, is used to set up the
mapping relationship between the 2D coordinate and the 3D
coordinate. If 𝑃(𝑥hyp, 𝑦hyp) in the hyperspectral coordinate
system corresponds to𝑄(𝑥las, 𝑦las, 𝑧las) in the laser coordinate
system, the corresponding relation between them can be
expressed as

𝑥hyp − 𝑥0 + 𝛿𝑥 = −𝑓
𝑎
1
𝑥las + 𝑏1𝑦las + 𝑐1𝑧las

𝑎
3
𝑥las + 𝑏3𝑦las + 𝑐3𝑧las

𝑦hyp − 𝑦0 + 𝛿𝑦 = −𝑓
𝑎
2
𝑦las + 𝑏2𝑦las + 𝑐2𝑧las

𝑎
3
𝑦las + 𝑏3𝑦las + 𝑐3𝑧las

,

(4)

where (𝑎
𝑖
, 𝑏
𝑖
, 𝑐
𝑖
) 𝑖 = 1, 2, 3 is the direction cosine of rotation

matrix; (𝛿𝑥, 𝛿𝑦) is the system errors correction; 𝑓 is the
principal distance.

Direct Linear Transformation (DLT) is the solution of
direct linear relationship between the photo point coordinate
and the corresponding object point coordinate, which is
essentially a kind of space resection and space intersection
method.This algorithm is applicable to a variety of no metric
cameras without the known internal orientation elements
and is also suitable for the close range photogrammetry
of the large angle without the initial external orientation
elements. According to DLT algorithm, (4) is translated into
the following formula:
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[

[

[

[

[

[

𝑥las1 𝑦las1 𝑧las1 1 0 0 0 0 𝑥hyp1𝑥las1 𝑥hyp1𝑦las1 𝑥hyp1𝑧las1

0 0 0 0 𝑥las1 𝑦las1 𝑧las1 1 𝑦hyp1𝑥las1 𝑦hyp1𝑦las1 𝑦hyp1𝑧las1

𝑥las2 𝑦las2 𝑧las2 1 0 0 0 0 𝑥hyp2𝑥las2 𝑥hyp2𝑦las2 𝑥hyp2𝑧las2

0 0 0 0 𝑥las2 𝑦las1 𝑧las2 1 𝑦hyp2𝑥las2 𝑦hyp2𝑦las2 𝑦hyp2𝑧las2

.

.

.

.

.

.

.

.

.

𝑥las𝑛 𝑦las𝑛 𝑧las𝑛 1 0 0 0 0 𝑥hyp𝑛𝑥las𝑛 𝑥hyp𝑛𝑦las𝑛 𝑥hyp𝑛𝑧las𝑛

0 0 0 0 𝑥las𝑛 𝑦las1𝑛 𝑧las𝑛 1 𝑦hyp𝑛𝑥las𝑛 𝑦hyp𝑛𝑦las𝑛 𝑦hyp𝑛𝑧las𝑛
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[

[

[

[

[

[

[

[

[

[

[
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[

[
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]
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=

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

−𝑥hyp1

−𝑦hyp1

−𝑥hyp2

−𝑦hyp2

.

.

.

−𝑥hyp𝑛

−𝑦hyp𝑛

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

, (5)

where 𝑙
𝑖
(𝑖 = 1, . . . , 11) are the coefficients. According to these

coefficients, the interior orientation elements and the exterior
orientation elements between hyperspectral coordinate and
laser coordinate are calculated. The corresponding relation
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between 𝑃(𝑥hyp, 𝑦hyp) and 𝑄(𝑥las, 𝑦las, 𝑧las) is also calculated.
However, because of the great errors of DTL, 𝑙

𝑖
(𝑖 = 1, . . . , 11)

can only be considered the approximate results, and the
corresponding relation results are the initial registration
results.

3.2. Precise Registration. In order to accurately determine
the corresponding relation between hyperspectral coordinate
and laser coordinate, Adjustment is executed using the
redundant observation values of the hyperspectral pixels. If
the correction of the hyperspectral pixel observed value is
(V
𝑥
, V
𝑦
), the corresponding relation between𝑃(𝑥hyp, 𝑦hyp) and

𝑄(𝑥las, 𝑦las, 𝑧las) is shown in

𝑥hyp − 𝑥0 + V
𝑥
+ 𝛿𝑥 = −𝑓

𝑎
1
𝑥las + 𝑏1𝑦las + 𝑐1𝑧las

𝑎
3
𝑥las + 𝑏3𝑦las + 𝑐3𝑧las

,

𝑦hyp − 𝑦0 + V
𝑦
+ 𝛿𝑦 = −𝑓

𝑎
2
𝑥las + 𝑏2𝑦las + 𝑐2𝑧las

𝑎
3
𝑥las + 𝑏3𝑦las + 𝑐3𝑧las

.

(6)

If 𝐴 = 𝑙
9
𝑥las + 𝑙10𝑦las + 𝑙11𝑧las + 1, the error equation of

(V
𝑥
, V
𝑦
) is shown in

V
𝑥
= −

1

𝐴

(𝑥las𝑙1 + 𝑦las𝑙2 + 𝑧las𝑙3 + 𝑙4

+ 𝑥hyp𝑥las𝑙9 + 𝑥hyp𝑦las𝑙10

+𝑥hyp𝑧las𝑙11 + 𝐴 (𝑥hyp − 𝑥0) 𝑟
2
𝑘
1
+ 𝑥hyp)

V
𝑦
= −

1

𝐴

(𝑥las𝑙5 + 𝑦las𝑙6 + 𝑧las𝑙7 + 𝑙8

+ 𝑦hyp𝑥las𝑙9 + 𝑦hyp𝑦las𝑙10

+𝑦hyp𝑧las𝑙11 + 𝐴 (𝑦hyp − 𝑦0) 𝑟
2
𝑘
1
+ 𝑦hyp) ,

(7)

where 𝑘
1
is the symmetric radial distortion coefficient; 𝑟 =

√(𝑥hyp − 𝑥0)
2
+ (𝑦hyp − 𝑦0)

2 is the radius vector of hyper-
spectral pixel.

The operation is executed by least squares method, whose
iterative condition is that the interpolation of adjacent 𝑓

𝑥
in

𝑓
𝑥
= √𝐴 cos 𝑑𝛽 is less than 0.01mm.The calculating process

of 𝐴 value is also the iterative process, and each iterative 𝐴
value is calculated by control point. Thus, the precise values
of the coefficients (𝑙

1
, 𝑙
2
, . . . , 𝑙
11
, 𝑘
1
) are calculated.

3.3. Data Fusion. If Hype (𝑥, 𝑦) is the arbitrary point of
hyperspectral image and Point (𝑋, 𝑌, 𝑍) in laser scan is the
corresponding point of Hype (𝑥, 𝑦), according to 𝑙

𝑖
(𝑖 =

1, . . . , 11), the corresponding relation between Hype (𝑥, 𝑦)
and Point (𝑋, 𝑌, 𝑍) is calculated by

𝑥 = −

𝑙
1
𝑋 + 𝑙
2
𝑌 + 𝑙
3
𝑍 + 𝑙
4

𝑙
9
𝑋 + 𝑙
10
𝑌 + 𝑙
11
𝑍 + 1

,

𝑦 = −

𝑙
5
𝑋 + 𝑙
6
𝑌 + 𝑙
7
𝑍 + 𝑙
8

𝑙
9
𝑋 + 𝑙
10
𝑌 + 𝑙
11
𝑍 + 1

.

(8)

Therefore, based on (8), each point of laser data corre-
sponds to each point of hyperspectral data.

Figure 6: Data acquisition map.

Table 1: Hyperspectral camera parameters.

Name Parameter
Spectrum range 400–1000 nm
Spectral resolution 2.8 nm
FOV 27.2∘

Spatial resolution 1600 pixel
Spectrometer entrance slit width 30 𝜇m
Spectrometer entrance slit length 11.84mm
Camera lens focal length 23mm
Spectral band numbers 840

In case Hype (𝑝
1
, . . . , 𝑝

𝑛
) is the spectral information

of Hype (𝑥, 𝑦) in hyperspectral image, and Point (𝑋, 𝑌, 𝑍,
𝑞
1
, . . . , 𝑞

𝑚
) is the property of Point (𝑋, 𝑌, 𝑍) in laser scan,

in which 𝑞
1
, . . . , 𝑞

𝑚
is the feature except the spatial coordi-

nates (𝑋, 𝑌, 𝑍), such as intensity, amplitude, and so forth,
the hyperspectral data and the laser data are fused, and
the property of Point (𝑋, 𝑌, 𝑍) is expressed by Point (𝑋, 𝑌, 𝑍,
𝑞
1
, . . . , 𝑞

𝑚
, 𝑝
1
, . . . , 𝑝

𝑛
) which includes the spatial information

of laser data and the spectral information of hyperspec-
tral data, based on the corresponding relationship between
Point (𝑋, 𝑌, 𝑍) and Hype (𝑥, 𝑦).

4. Experiment and Analysis

In order to verify the effectiveness of the algorithm, the
experiments are conducted. The dataset of the hyperspectral
data and the laser data were obtained from the electronic
display board of the playground of Capital Normal University
by our own laboratory. The 3D laser used was a Riegl LSM-
420i and the hyperspectral imager was integrated by our
laboratory, which main parameters are shown in Table 1. The
setup of data acquisition is shown in Figure 6. The algorithm
code was written in Matlab with mex files written in Visual
C++. The code was run on a dell computer with Inter i5CPU
and 4G RAM.

The initial RGB image data of hyperspectral data is shown
in Figure 7(a). The initial laser scan is shown in Figure 7(b),
whose horizontal and vertical angular resolution are 1∘ and
whose horizontal and vertical spacing are about 7 cm, and the
different colors show the intensity of laser scan.

4.1. Experiment. In this paper, because the geometry of
electronic display board is very flat and the normal vectors are
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(a) Hyperspectral Image (b) Laser Scan

Figure 7: Initial data.

(a) Fusion image of initial registration (b) Fusion image of precise registration

Figure 8: Fusion images.

Table 2: Feature points of Hyperspectral Image and Laser Scan.

Hyperspectral Image Laser Scan
(78, 110) (36.524, −2.535, 5.610)
(64, 748) (35.819, −10.884, 5.804)
(369, 750) (35.805, −11.016, 1.834)
(356, 292) (36.378, −4.905, 2.058)
(600, 261) (36.318, −4.564, −1.019)
(582, 667) (35.895, −9.884, −0.898)

similar, so the point-cloud image is generated by the intensity
as a pixel value and the image resolution is determined by the
point-cloud distance.Then the points of hyperspectral image
and laser scan are foundby 2D-3D registration algorithm, and
six pairs of feature points are chosen, as shown in Table 2.

According to Collinearity Equation and DLT in initial
registration, the approximate coefficients𝐿

1
(𝑙
1
, 𝑙
2
, . . . , 𝑙
11
) are

obtained, as shown in Table 3.
According to Adjustment in precise registration, the

precise coefficients 𝐿
2
(𝑙
1
, 𝑙
2
, . . . , 𝑙
11
) are obtained, as shown

in Table 4.
The fusions of hyperspectral data and laser data are,

respectively, executed by 𝐿
1
(𝑙
1
, 𝑙
2
, . . . , 𝑙
11
) and 𝐿

2
(𝑙
1
, 𝑙
2
,

. . . , 𝑙
11
), as shown in Figure 8. The initial fusion image has

basically been fused; nevertheless there are more great errors,
as shown in Figure 8(a). For instance, the texts of electronic
board have obvious deviation. The blue points represent no
corresponding points, so the base of electronic board does not
have the corresponding points. The precise fusion image has

greatly been fused, as shown in Figure 8(b).The texts and the
base of electronic board have been the corresponding fusion.

4.2. Evaluation of Precision. To further verify the effective-
ness of this algorithm, other feature points are selected as
the check points to verify its accuracy. Firstly, the internal
orientation elements and the external orientation elements
are calculated by the approximate solution algorithm, and
the corresponding hyperspectral pixels of laser scan are
calculated. Then, the corresponding hyperspectral pixels of
laser scan are calculated by the precise solution algorithm.
The comparison is shown in Table 5. “Hyperspectral Image”
is the hyperspectral coordinate, and “Laser Scan” is the laser
coordinate. “Hyperspectral Image (𝐿

1
)” is the hyperspectral

coordinate calculated by the approximate solution algorithm,
and “Hyperspectral Image (𝐿

2
)” is the hyperspectral coordi-

nate calculated by the precise solution algorithm.
To verify the errors of the check points, the residual errors

of the horizontal and vertical direction are, respectively,
calculated based on the distance between “Hyperspectral
Image” and “Hyperspectral Image (𝐿

1
)” and “Hyperspectral

Image (𝐿
2
),” as shown inTable 6. “𝑑𝑥1” and “𝑑𝑦1” are, respec-

tively, the residual errors of the horizontal and verti-
cal direction between “Hyperspectral Image” and “Hyper-
spectral Image (𝐿

1
).” “𝑑𝑥2” and “𝑑𝑦2” are, respectively,

the residual errors of the horizontal and vertical direc-
tion between “Hyperspectral Image” and “Hyperspectral
Image (𝐿

2
).” From Table 6, the horizontal residual mean

errors are decreased from−20.8094 to 4.6046 and the vertical
residual mean errors are decreased from −27.8079 to 0.1148.
Precision is greatly improved.
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Table 3: Approximate coefficients.

Approximate coefficients
𝐿
1
(𝑙
1
, 𝑙
2
, . . . , 𝑙

11
)

𝑙
1

𝑙
2

𝑙
3

𝑙
4

𝑙
5

𝑙
6

𝑙
7

𝑙
8

𝑙
9

𝑙
10

𝑙
11

11.7084 −0.9069 2.1177 −444.3699 7.4423 1.6245 −0.0975 −270.4678 −0.0265 0.0019 0.0002

Table 4: Precise coefficients.

Precise coefficients
𝐿
2
(𝑙
1
, 𝑙
2
, . . . , 𝑙

11
)

𝑙
1

𝑙
2

𝑙
3

𝑙
4

𝑙
5

𝑙
6

𝑙
7

𝑙
8

𝑙
9

𝑙
10

𝑙
11

11.5679 −0.9045 1.6447 −436.0369 7.4790 1.1372 −0.0844 −272.3880 −0.0267 0.0020 0.0002

Table 5: The corresponding coordinates of check points.

Hyperspectral Image Laser Scan Hyperspectral Image (𝐿
1
) Hyperspectral Image (𝐿

2
)

1 (105, 175) (36.524, −3.241, 5.219) (101.510, 163.671) (104.060, 172.998)
2 (96, 752) (35.819, −10.884, 5.804) (90.316, 707.821) ( 99.710, 754.157)
3 (369, 772) (35.805, −11.016, 1.834) (368.462, 721.168) (396.928, 73.661)
4 (425, 130) (36.482, −2.656, 1.663) (396.083, 120.457) (423.808, 28.865)
5 (365, 317) (36.325, −4.961, 2.052) (360.131, 295.554) (386.726, 316.734)
6 (120, 313) (36.325, −4.900, 5.351) (112.758, 295.324) (121.541,314.931)
7 (430, 73) (36.698, −2.672, 1.609) (389.679, 81.230) (426.318,72.521)
8 (385, 316) (36.378, −4.905, 2.058) (355.868, 291.805) (383.162, 314.289)
9 (670, 755) (36.133, −9.203, −0.839) (593.862, 661.657) (666.248, 752.267)
10 (609, 126) (36.158, −1.873, −1.577) (597.238, 112.234) (611.544, 129.725)
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(a) Residual errors of check points of 𝑥-axis
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(b) Residual errors of check points of 𝑦-axis

Figure 9: Analysis of residual errors of check points.

Moreover, the twenty check points are selected to verify
this algorithm and the residual errors of the thirty check
points are shown in Figure 9. In agreement with the above
analysis, the residual errors of precise registration shapely
reduce, and the horizontal residualmean errors are decreased
from −18.3751 to 1.5820 and the vertical residual mean errors
are decreased from −16.3553 to −0.11167. To sum up, this
method has reached a more satisfactory accuracy.

For the dataset used with natural images, very few
methods are appropriate to attempt comparison with. We
implemented the other approaches. However no images
were successfully aligned by these methods. This failure was
expected. The following are the reasons. Firstly, the methods
are very few and the initial conditions are so many. For
example, the method in Nieto et al. [1] needs that color point
clouds are created by the calibration of laser scanner and
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Table 6: Residual errors and residual mean errors of check points
(unit: pixel).

𝑑𝑥1 𝑑𝑥2 𝑑𝑦1 𝑑𝑦2

1 −3.4900 −0.9400 −11.3293 −2.0016
2 −5.6836 3.7100 −44.1793 2.1570
3 −0.5383 27.9281 −50.8319 1.6609
4 −28.9171 −1.1921 −9.5426 −1.1347
5 −4.8696 21.7266 −21.4457 −0.2665
6 −7.2416 1.5411 −17.6757 1.9312
7 −40.3209 −3.6824 8.2298 −0.4789
8 −29.1323 −1.8383 −24.1954 −1.7114
9 −76.1384 −3.7516 −93.3432 −2.7327
10 −11.7618 2.5444 −13.7657 3.7246
Residual mean errors −20.8094 4.6046 −27.8079 0.1148

digital camera. The method in Zachary and Juan [3] needs
that the initial site of the two sensors is obtained by GPS.
However, the method in this paper does not need the initial
site of the two sensors and the additional device such as digital
camera and GPS. Moreover, there are some comparisons of
the different registration methods of images and laser scans.
For example, the method in Zhang et al. [10] applies the
inspection line and collinear equation, but this algorithm is
more suitable for the aerial image and airborne data. The
method in Liu [23] needs to select manually 2D-3D the same
points, which causes the great error of human factor.

5. Conclusion

A method for fusing the hyperspectral data with the laser
data suitable for surface features is presented. This method
operates by creating a 2D laser image using a camera model
and extracting feature points of hyperspectral image and
laser scan. The collinearity equation is used to create the
correspondence to find correct alignment of hyperspectral
image with laser scan. The adjustment is used to improve the
registration accuracy of hyperspectral image with laser scan.
The method was demonstrated to successfully work to fuse a
hyperspectral image and a laser scan. In future work a dataset
with nature environments will be obtained and the features
will bemore complex; therefore the feature extraction and the
accuracy advance need further strengthening.
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