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ABSTRACT
Hyperspectral image classiﬁcation is one of the most significant topics in remote sensing. A large number of methods have been proposed to improve the classiﬁcation accuracy.
However, the improvement often comes at the cost of higher complexity. In this work, we mainly focus on the Markov
Random Fields related paradigm, which involves a demanding energy minimization procedure. Traditional methods are
prone to employ the advanced optimization techniques. On
the contrary, this paper is in defense of a simple yet efﬁcient
method for hyperspectral image classiﬁcation, Iterated Conditional Mode, which has been generally considered inferior
to other state-of-the-art methods. Our purpose is successfully
achieved by tackling two inherent drawbacks of ICM, sensitive label initialization and local minimum. We apply our
method to three real-world hyperspectral images, and compare the results with those of state-of-the-art methods. The
comparisons show that the proposed method outperforms its
competitors.
Index Terms— Iterated conditional mode, hyperspectral
image classiﬁcation, support vector machine
1. INTRODUCTION
Hyperspectral image is collected by the hyperspectral imaging sensor and often consists of hundreds to thousands of electromagnetic spectrums, each of which represents a characteristic of a particular physical property. The rich information
is beneﬁcial to a wide range of applications, such as object
detection, recognition and classiﬁcation[1], [2], [3]. Among
these applications, hyperspectral image classiﬁcation is possibly one of the most frequently researched topics. The classiﬁcation results can give the ability to pinpoint ground obThis work is supported by the National Basic Research Program of China (973 Program) (Grant No. 2011CB707104), and the National Natural Science Foundation of China (Grant No. 61172143, 61379094 and 61105012).

jects laying on the observed surface, and to distinguish between spatially close ground classes. Therefore, constructing
a proper method to support high quality classiﬁcation is of
great importance in the remote sensing ﬁeld.
Existing hyperspectral classiﬁcation methods can be
roughly divided into two classes: supervised and unsupervised. The most distinctive difference between supervised
and unsupervised classiﬁers is the existence of learning phase
on training samples, which may bring some advantage to supervised classiﬁers. In this work, we focus on supervised
classiﬁcation. As for supervised hyperspectral classiﬁcation,
most of the traditional methods are based on the Bayesian
framework [4] and sometimes, feature reduction technique is
incorporated. Recently, the SVM based methods are considered as a most efﬁcient [5], yet robust way to label hyperspectral pixels. Nevertheless, existing SVM based methods merely use spectral information of hyperspectral image, while is
powerless to include the spatial relationships among pixels.
But in fact, the usage of spatial information has been attached
great signiﬁcance in recent work.
Many problems of labeling pixels of a hyperspectral image can be addressed by making full use of both spectral and
spatial information. One of the most common methods which
take advantage of both information is Markov Random Fields
(MRF) framework. A study of the related energy minimization methods for MRF has been presented in [6], which compares the state-of-arts. However, these works are usually with
a high complexity. The work of Bruzzone [7] has attempted to integrate SVM technique with MRF framework (termed
SVM-MRF for short) to get accurate classiﬁcation for hyperspectral images. But it is not of very high speed. Later,
Benediktsson [8] introduced the ”fuzzy no-edge/edge” function into the spatial function to preserving edges while the
accuracy is still need to be improved.
In this paper, we also focus on the SVM-MRF based hyperspectral image classiﬁcation. A novel classiﬁer is proposed contributing the following aspects: 1) SVM is intro-

duced to improve the traditional Iterated Conditional Modes
(ICM) [9] to get better initialization; 2) A new energy function is proposed to constrain the result, which can make use
of both the global and local information of the image. 3) A
stepwise optimization is adopted to alternatively get the optimal result. Our new energy function is based on one of the
oldest energy minimization method called ICM, which has
been widely used in many ﬁelds such as character recognition
and medical image segmentation [4]. But our experiments
demonstrate that if the limitations of ICM are properly reduced, the obtained results are surprisingly promising.
The rest of this paper is organized as follows. In section 2, we discuss the main challenges for the improvement
of ICM. In section 3, we show the procedure of the stepwise
ICM (SICM). The experiments and comparisons are demonstrated in section 4, and the conclusion is made in section 5.
2. LIMITATIONS OF ICM
ICM is a straightforward method for energy optimization and
its popularity is mainly due to the simplicity. However, its
accuracy can still be improved if some speciﬁc limitations of
ICM are overcome. In this section, we will ﬁrst give a brief
introduction to ICM, as well as MRF. Then the limitations of
ICM are derived, which motivate the work in this paper.
2.1. Overview of ICM
ICM was ﬁrstly introduced as an energy optimization method
for MRF. Though there are various applications in computer vision and image processing, many of them ﬁnally come
down to the energy minimization problem, which can be effectively modeled as MRF. Actually, MRF is a labeling problem that tries to give each pixel its best label. The criterion
for the “best” is closely related to the problem to be tackled
and it directly inﬂuences the deﬁnition of energy function.
For the accurate description of ICM, several notations are
presented ﬁrst. Assume the image I with n pixels is denoted
as X = {xi }ni=1 and the task is to get a label set L = {li }ni=1
for each pixel, where li ∈ {1, 2, ..., L − 1} and L is the total
number of labels. The energy function is generally deﬁned as
E = Ed + λEs ,

(1)

where Ed is the data term reﬂecting the likelihood of the observed data, and Es is the smoothness term representing the
joint Gibbs distribution on the label ﬁeld and satisfying the
Markov property. By ﬁnding the minimum solution of the
energy function E, the label set can be obtained by
L∗ = arg min E.
L

(2)

For the minimization of this energy function, ICM is one
of the most popular approaches. The main steps of ICM can
be summarized as follows:

Step 1. Assume an initial labeling L0 and specify the convergent conditions: maximum iteration number N and the
minimum energy Delta.
Step 2. For the kth iteration, check all the possible label choice of each pixel in I. If no reduction to the energy
function can be obtained, the label remains unchanged. Otherwise, update the pixel’s label to the one that can reduces the
energy value most.
Step 3. If k > N or Ek − Ek−1 ≤ Delta, the method
stops. Otherwise, update k = k + 1 and return to step 2.
2.2. What result in the bad performance of ICM?
ICM is an efﬁcient method that can be completed quickly after a few iterations. However, this rapidly converging method
cannot guarantee a globally optimal solution. The drawbacks
of ICM are primarily from two aspects.
1) Label initialization. Compared with other method,
ICM is heavily inﬂuenced by the label initialization [6], which
is a double-edged sword. If a bad initialization is obtained,
the error area will spread out in the image after iterations; or
if a good initialization, the result will might be surprisingly
satisfying. When using other energy minimization methods
such as graph cut, LBP and so on, this problem doesn’t exist. Therefore, getting an appropriate initialization is of great
importance.
2) Local convergence. In ICM, every pixel gets its new
label after each iteration, according to the pixel data itself and
its neighborhood. However, compared to many other energy
minimization methods, ICM has an obvious disadvantage that
it provides good result only when the number of local minima
is small. A huge number of local minima may result in a solution that is far from global optimum, which is not acceptable.
But unfortunately, this is often the case.
3. SICM: STEPWISE ITERATED CONDITIONAL
MODES
To address the problem discussed in the previous section and
make good use of both spectral and spatial information, we
propose a stepwise ICM approach. In SICM, we introduce
a SVM based strategy to get a prominent initialization. Then
the detailed optimization to the energy function of ICM is followed next. At last, a new local-preserving descriptor is proposed to overcome some local problem for the hyperspectral
classiﬁcation result of ICM.
3.1. SVM initialization
Using SVM to get the initialization is one of the key components in our method. Traditionally, the maximum likelihood
method is applied to get the initialization for ICM. However,
the accuracy of classiﬁcation result is no more than 80%. To
get an effective initialization, SVM, a pixelwise classiﬁcation

method which has been proven to be effective for the classiﬁcation of high-dimensional data, is adopted in our method.
We use one-against-all SVM to complete the label initialization.

In fact, this is a revised version of ISING model motivated
by the different weights of neighboring pixels. The farther the
pixel is from the center one, the less effect it will take.
3.2.2. Data term

3.2. Stepwise optimization
Traditionally, the energy function of MRF is deﬁned as Eq. 1,
in which a coefﬁcient λ is imposed to give a proper proportion
between the data term and the smoothness term. We ﬁnd that
this coefﬁcient is hard to be determined adaptively. In some
part of an image where there is nearly only one class of pixels, the smoothness term counts more, while in other parts that
different classes coexist and no single class takes the advantage, the data term is more important. To cope with this problem, a stepwise strategy is introduced to separate these two
terms in which case the coefﬁcient λ can be abandoned. The
principle is that the data term and smoothness term should
take their respective effect according to the actual conﬁguration of the observed data. To be speciﬁc, we ﬁrst use the
smoothness term to make a local classiﬁcation, and then use
the data term to wipe off the wrong labels which can be seen
as a global restriction.
With this strategy, an improved energy function is proposed. For the smoothness term, a revised ISING model is
proposed, while for the data term, a GMM model is introduced.

In the energy function, the data term is used to penalize solutions that are not in consistence with the
prior information. A
general form of the data term is Ed = p∈X wp (lp ), where
wp (lp ) is the cost of assigning a label lp to pixel p. For the
hyperspectral image classiﬁcation scenery, there are several
categories to be identiﬁed. Therefore, the Gaussian Mixture
Model (GMM) is introduced to deﬁne the cost function.
Assume there are K Gaussian distributions (classes in the
hyperspectral image) in the GMM model, indicating the k
classes contained in the hyperspectral image. Each of them
can be speciﬁed by a set of parameters θk = {μk , σk , zk }, k ∈
{1, ..., K}, where μ is the expectation, σ is the variance,
and zk is the mixing coefﬁcient of the kth category. These
parameters can be iteratively estimated and updated by the
Expectation-Maximization (EM) method. Then we deﬁne
wp (lp ) = f (p|θlp )

(4)

where f (.) is the probability density function. This deﬁnition
measures the probability of a pixel belonging to a speciﬁc
category.

3.2.1. Smoothness term

3.2.3. Optimization

A typical deﬁnition of the smoothness term is Es =

p,q∈C Vc (lp , lq ), where p, q ∈ X and C is the set of cliques
deﬁned on a speciﬁc neighborhood system. Traditional ICM
usually employs the 4 adjacent neighbors to smooth the labeling results. However, due to the local convergence, enlarging
the scale of the neighborhood system might help get a more
accurate optimization result. Therefore in this work, a 5-order
neighborhood system is adopted to improve the performance.

With the above deﬁnitions, the stepwise optimization is introduced as below.
Step 1. Use the smoothness term to make a local classiﬁcation. The labels obtained by the SVM initialization is
not very robust. Some parts of the image may have isolated
class labels. Therefore, a smoothed label set is acquired by
Ls = minL Es through the ICM optimization.
Step 2. Take the data term to justify the correctness of the
pixels’ label. After the ﬁrst step, there will be pixels with a
changed label. But this change is not necessarily appropriate.
Besides, the other pixels that remains unchanged might be
assigned a wrong label, too. Therefore, we employ the data
term to re-identify every pixel to see if its label is consistent
with the corresponding class property. This is achieved by
checking the pixels’ labels by ICM as Ld = minL Ed .
Step 3. Check if this iteration has cause enough changes.
If so, the optimization stops and the ﬁnal labeling results are
obtained. Otherwise, go to step 1 and start a new iteration.

1

Besides, we think pixels with different distances to the
central one should be treated separately. With respect to this
point, the weight of pixel xi is set as wi = 1/n, where n is
its order. This weighting strategy reﬂects the inﬂuences and
conﬁdences from different neighboring pixels. Based on this
formulation, we calculate the smoothness term as the sum of
potential functions V (lp , lq ), which takes the form

V{p,q} (lp , lq ) =

−ρ
n
+ρ
n

if
if

l p = lq
lp = lq

.

(3)

the distance between then neighbor pixel xi and the central pixel xo
is n, then xi is the n-order neighbor of xo . In our experiments, we ﬁnd that
with the increase of the neighbor order, the classiﬁcation accuracy boosts.
But when the order is larger than 5, the performance decreases.
1 If

3.3. An alternative descriptor
The new stepwise strategy can get a good classiﬁcation result while we ﬁnd in a few sensitive areas of the hyperspectral
images, the result is still not satisfying. This failure is not
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Fig. 2. Comparative results of kNN classiﬁcation (ﬁrst row)
and kNN based SICM (second row). From the ﬁrst column
to the third column, the results are respectively obtained with
5%, 10%, and 30% training samples.
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4. EXPERIMENTS

(i)

4.1. Data set

(j)

Fig. 1. Results on Indian Pine Image. From the ﬁrst to the
third row, the experiments are conducted based on 30%, 10%
and 5% training samples. For each row, the three classiﬁcation maps are respectively obtained by SVM, SICM with
SSIFT descriptor and SICM with the raw image feature. The
last row is the Ground truth.

particular for the proposed method ,but for many other stateof-the-art methods. To optimize these areas, a new feature descriptor based on spectral angle [10] is utilized. We describe
the feature in a SIFT-like manner and it is thus termed as SSIFT. The procedure is as follows: ﬁrst, calculate the spectral
angles [10] of every pixel with its neighbor pixels of different
direction. Second, deﬁne the direction with maximum spectral angle as the main direction. Third, take 16 pixels as a seed
and 16 seed as a window to describe every central pixel just
like SIFT. The using of spectral angle is with a view to the
consistence of neighboring pixels. Experiments demonstrate
that this descriptor can accurately segment these areas.

We test our method on three publicly available hyperspectral
images, namely, Salinas, Pavia University, and Indian Pines.
These three images are described as follows.
The Indian Pines image was collected by AVIRIS sensor
over a vegetation area in North-western Indiana, and consists
of 145 × 145 pixels, 224 spectral reﬂectance bands with spatial resolution of 20m/pixel. This image contains 16 classes
of interest. We select the major nine categories of them to accomplish our experiment. We choose our training samples in
the image randomly, and the percentage of training samples
includes 5%, 10%, and 30%.
The Salinas scene was also gathered by AVIRIS sensor,
on Salinas Valley, California. This image is characterized by
spatial resolution of 3.7 m/pixels with 224 spectral bands, and
comprises 512 × 217 samples. The image contains 16 classes
of interest. We have our test on these 16 classes of interest,
and the test is accomplished with 5% and 10% training samples.
The Pavia University is acquired by ROSIS sensor over
Pavia, northern Italy. This image consists of 610 × 340 pixels
with 103 spectral bands, and the resolution is 1.3m/pixel. For
this image, we conduct our experiments with 5% and 10%
training samples.
4.2. Experimental Results
For the Indian Pines image, the experiments start with the
classiﬁcation of 30% training samples. The comparison is
illustrated in the ﬁrst row of Fig. 1 with a ground truth in

Fig. 1(j). The three results are respectively obtained by the
traditional SVM classiﬁer, SICM method with SSIFT feature
and SICM method with the raw image feature. The corresponding accuracy is 90.11%, 95.17% and 98.97%.
Obviously, Both the raw image feature and SSIFT feature
based SICM obviously outperform the traditional pixel-wise
SVM. But using SICM with the raw image information has
produced the highest accuracy. This level of accuracy is satisfying and it is difﬁcult to see a better one in literatures. Besides, it is found that the SICM iteration only cost three to four
seconds, which means the new methods does not degrade the
efﬁciency of ICM. Seen from the result of Fig. 1(a), we ﬁnd
that compared with ground truth, the errors are concentrated
in the upper right soybeans-mintill area, which is highlighted
with a red circle. This area is well known that it is difﬁcult to
be classiﬁed accurately [1]. For other area, there is nearly no
wrong label when SICM is employed. However, in Fig. 1(b)
we can ﬁnd that highlighted area almost have no error. Beneﬁted from the new SSIFT features we proposed, the soybeanmintill can almost be separated out perfectly. This advantage
cannot be achieved by most of other features. As for its accuracy, although it is slightly lower than using gray feature, it
is still obviously better than using the traditional SVM classiﬁer. Therefore, it is evident that the new SSIFT feature is of
great value for some error-prone area of the image owing to
the existence of its spatial characteristic.
Next, we conduct our experiments with the training samples of 10% and 5%, respectively. The comparisons are also
presented in the second and third row of Fig. 1. By introducing SICM, the accuracy generally has made a nearly 20% promotion than traditional pixel-wise SVM. Especially for 5%
samples which is often used in other literatures, the accuracy of the traditional SVM classiﬁer is only 77.36%, while for
SICM, the accuracy reached 94.31%. As for 10% training
samples, the original SVM achieves the accuracy of 79.69%,
and SICM can achieve the accuracy 96.08%. These results
illustrate an obviously better performance of our methods.
4.2.1. Comparison with kNN and other classiﬁcation method
We also applied a mostly used kNN method to get the initial classiﬁcation results. The comparisons conducted with
5%, 10%, 30% training examples are shown in Fig. 2. It is
found that the accuracy of the traditional method kNN tends
to be around 70%, which is not a nice result. However once
the kNN method is improved by our SICM method, the averaged accuracy reaches 90%, which is a distinct improvement. As shown in Fig. 2, the classiﬁcation accuracy is 65.43%,
69.46% and 76.08% for kNN and 87.06%, 87.77%, 87.77%
for kNN based SICM. These results demonstrate that SICM
can improve the accuracy of many other methods, not only
the SVM based one.
We make a detailed comparison with another two methods: the Feature Extraction by Genetic Algorithm combined
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Fig. 3. Comparison result of energy minimization ”family”.
(a)ICM. (b)LBP-s. (c)LBP-M. (d)Graph cut-swap. (e)Graph
cut-expansion. (f)TRW-s.
with SVM (FEGA-SVM) and Extended Morphological Proﬁles based SVM (EMP-SVM) methods, whose result is provided by [1]. We choose 10% training samples as a representation and the comparison results are shown in Tab. 1.
We can see the precision of the former two methods is less
than 90%, and for our method, except for kNNICM method
(87.77%), the accuracy of every method is not less than 90%.
The bold font means the best classiﬁcation results in every
rows. we can see that except for the classiﬁcation result of
soy which EMP-SVM has the best result, the other best ones
are in our method. For many classes, our method has the
perfect results which reach 100%.
4.2.2. Comparison with different energy minimization methods
We also compare the proposed stepwise optimization method
with ﬁve other energy minimization methods. They are
the original ICM, Graph Cuts, LBP, Tree Reweighted Passing(TRW) [6], and the proposed SICM. Although it is widely accepted that the global optimizing methods such as Graph
Cuts, LBP, and TRW often outperform ICM, we ﬁnd that the
SICM we proposed can obviously surpass the other competitors. The accuracy of the competitors are all no more than
50%(the highest accuracy is 47.92%). While, for SICM the
averaged accuracy is 98.97%. The result can be seen in Fig.
3.
4.3. Results on Pavia university and Salinas
In order to further demonstrate that SICM is appropriate for different hyperspectral images, experiments are also conducted
on another two databasets, Pavia University and Salinas. But

Table 1. Comparison results
feature number
Overall accurary
Average accurary
Classes
Corn-notill
Corn-mintill
Grass-pasture
Grass/Trees
Hay-windrowed
soybeans-notill
Soybeans-min
Soybean-clean
Woods

Number of sample

FEGA-SVM
(95)
76.36%
78.56%

EMP-SVM
(18)
88.63%
88.22%

kNN
(206)
69.46%
74.78%

kNN-SICM
(206)
87.77%
92.68%

SICM
(206)
96.08%
98.09%

SSIFT-SICM
(128)
91.86%
95.17%

1428
830
483
730
478
972
2455
593
1265

67.00%
60.00%
88.00%
89.00%
93.00%
67.00%
73.00%
77.00%
93.00%

84.00%
80.00%
90.00%
95.00%
95.00%
85.00%
90.00%
76.00%
99.00%

54.07%
55.34%
87.99%
99.05%
99.20%
77.55%
57.60%
53.55%
88.67%

72.82%
93.75%
96.34%
100%
100%
94.16%
77.08%
100%
100%

100%
100%
96.34%
100%
100%
99.89%
86.67%
100%
100%

79.74%
98.77%
98.69%
96.83%
100%
99.89%
88.35%
100%
94.25%

for the limited paper length, the ﬁgural results are not illustrated. Here we only report the quantitative results. The precision
of traditional pixel-wise SVM is only about 90% (90.65%
and 90.79% for 50 and 100 training samples, respectively),
while the accuracies of SICM are higher than 95% (96.59%
and 97.76% for 5% and 10% training samples, respectively).
As for the Pavia University image, the classiﬁcation accuracy
of the traditional SVM is around 85.00%. The SICM increase
the accuracy by 13.39% and 10.87% for 5% and 10% training
sample respectively.
5. CONCLUSIONS AND FUTURE WORK
In this paper, we present a novel classiﬁer named SICM for
hyperspectral image classiﬁcation, which can make full use of
spatial and spectral information. Experiments prove the superiority of the proposed SICM. Moreover, the newly proposed
local-preserving feature SSIFT is helpful for some traditionally error-prone area. In the future work, we will improve the
local-preserving feature and apply it to address many other
problems in hyperspectral classiﬁcation.
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