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Abstract
Usually, image classification methods have supervised or unsupervised learning paradigms. While unsupervised methods 
do not need training data, the meanings behind the classified elements are not explicitly know. Conversely, supervised 
methods are able to provide classification results with an intrinsic meaning, since a labeled dataset is available for train-
ing, which may be a limitation in some cases. The semi-supervised learning paradigm, which simultaneously exploits 
both labeled and unlabeled data, may be an alternative to this dilemma. This work proposes a semi-supervised clas-
sification framework through the combination of the Hierarchical Divisive Algorithm and stochastic distance concepts, 
where the former is adopted to automatically determine clusters in the data and the latter is used to label such clusters 
in a supervised way. In order to verify the potential of the proposed framework, two case studies about land use and 
land cover classification were carried out in an Amazonian area using synthetic aperture radar and multispectral data 
acquired by ALOS PALSAR and LANDSAT-5 TM sensors. Supervised methods based on statistical concepts were also 
included in these studies as baselines. The results show that when very small training sets are available, the proposed 
method provides results up to 14.6% and 3.8% more accurate than the baselines with respect to the classification of TM 
and PALSAR images, respectively.
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1 Introduction

Image classification is one of the most important pat-
tern recognition applications for remote sensing studies. 
Typical examples of environmental studies supported 
by image classification and remote sensing data are the 
monitoring of forest [10] and river [18] areas, agricultural 
inspection [2, 14], mapping areas affected by natural disas-
ters [7], urban planning [19], and even fish-farming studies 
[26]. These techniques aim to perform automatic recog-
nition of elements/targets/objects in the scene (i.e., the 
remote sensing imagery) through a classification function, 

which acts as a decision rule applied to the information 
measured by the sensor.

Several image classification methods have been pro-
posed in the literature. Usually, these methods are catego-
rized in terms of their learning paradigm, which defines 
how the classification function is modeled. Among the 
different learning paradigms proposed in the literature, 
supervised and unsupervised are the most common. In the 
case of supervised methods, the classification function is 
modeled based on prior information available in training 
sets, from which it is possible to estimate the function’s 
parameters. On the other hand, unsupervised methods 
perform the classification of elements/targets/objects in 
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the image based on the similarities found in its spectral 
behavior.

In terms of results, unsupervised methods are able to 
produce clusters of similar elements without an assigned 
meaning. Although it is possible to manually assign a 
meaning to these clusters, a consistent “group meaning” 
cannot be guaranteed [22]. Faced with this characteristic, 
supervised methods tends to be more suitable for pro-
ducing classification maps, since the classes are previously 
known through a training set. However, the quality of their 
results depends on the sufficiency and quality of the train-
ing set, which may be a limitation in some cases.

The semi-supervised paradigm combines supervised 
and unsupervised concepts in order to learn robust clas-
sifiers without depending on large training sets. Several 
semi-supervised models have been proposed in the lit-
erature, such as the generative, low-density separators, 
graph-based, and change of representation models [5]. 
This last mentioned model is referred to in this paper as 
the “indirect model.”

The graph-based model is widely adopted in remote 
sensing applications, especially for hyperspectral image 
classification, where the high dimensionality of the data 
makes large training datasets necessary to learn through 
supervised methods. Exploiting contextual (i.e., the pixel’s 
neighborhood) information and kernel function concepts, 
[4] proposed the graph-based approach.

Through reformulating support vector machines (SVM) 
and using a particular kernel function, [15] presented two 
alternative low-density separators to deal with binary 
classifiers trained by small training sets. In order to cope 
with small and noisy training sets, [3] proposed another 
low-density separator modeled in terms of contextual 
information. Integrating a Markov random field and the 
Expectation-Maximization algorithm, [20] proposed a gen-
erative semi-supervised method to be applied in urban 
area classification.

The so-called indirect models are less frequent in the 
literature when compared with the other mentioned 
models. A recent example of an indirect semi-supervised 
model was presented in [24], which comprises an itera-
tive process combining a variant of the Fuzzy C-Means 
algorithm followed by a classification process with SVM. 
The manifold notion has been also used to change data 
representation and help to discover intrinsic information 
in low-dimensional and noisy datasets [6].

When defined through the straight combination of 
unsupervised and supervised paradigms, the indirect 
model stands out as one of the simplest ways to per-
form semi-supervised learning. In this case, an unsu-
pervised method is first applied to generate clusters of 
similar elements without semantic meaning assigned 

to them. After this, a supervised method is trained 
using a few labeled data and then applied to assign a 
class to each cluster. Although appropriate learning is 
not guaranteed by the supervised method due to the 
reduced quantity of training data, it is expected that 
clusters generated by the unsupervised method rep-
resent a simplification of the complexity of the original 
dataset. Since several classification methods have been 
proposed in the literature, it is easy to conclude that 
plenty of combinations involving unsupervised and 
supervised methods may be considered to define an 
indirect semi-supervised classification framework.

Stochastic distance appears to be a convenient tool 
with which to compose an indirect model of semi-super-
vised learning. Formalized based on Shannon’s informa-
tion theory [23], stochastic distances may be understood 
as similarity measures between probability density mod-
els. Stochastic distances have been shown to be useful 
in several remote sensing applications, such as image 
segmentation [16], filtering [28], and region-based clas-
sification [17, 25]. In this context, a minimum distance 
classifier equipped with stochastic distances allows a 
class to be assigned to a cluster based on the similarity 
between its probability distribution models. To the best 
of the author’s knowledge, no semi-supervised methods 
defined through the combination of clustering and sto-
chastic distance concepts can be found in the literature.

Faced with the presented motivation, this work pro-
poses an indirect semi-supervised image classification 
framework based on the combination of clustering and 
stochastic distance. Two case studies about land use and 
land cover classification across a region near the Tapajós 
National Forest, Brazil, are carried out in order to assess 
the performance of the proposed semi-supervised 
method. The first case study uses a multispectral image 
acquired by the LANDSAT-5 TM sensor, while a synthetic 
aperture radar (SAR) image acquired by the ALOS PAL-
SAR sensor is adopted in the second study. Comparisons 
with methods from the literature are included in this 
study. Beyond the distinct kinds of images, these case 
studies also consider different classification scenarios 
and training sets of various sizes.

The following text is organized as follows: Sect. 2 pre-
sents preliminary notations about image classification 
and learning paradigms via brief discussions regarding 
data clustering by unsupervised methods and stochastic 
distances; in Sect. 3, the proposed indirect semi-super-
vised method is formalized; experiments and results 
regarding the above-mentioned case studies are pre-
sented and discussed in Sect. 4; finally, the conclusions 
and future directions for this work are shown in Sect. 5.
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2  Preliminary concepts

This section briefly discusses basic concepts about 
image classification (Sect. 2.1), clustering by hierarchical 
algorithm (Sect. 2.2), and stochastic distance (Sect. 2.3). 
Such discussions are the basis of the proposed indirect 
semi-supervised method introduced in Sect. 3.

2.1  Image classification and learning paradigms

Image classification is the application of F ∶  →   on 
the attribute vector �i behind each pixels si of an image 
 , with support  ⊂ ℕ

2 , in order to assign a class indica-
tor expressed by yi . The means that how F is obtained 
depends on the learning paradigm. In the supervised 
paradigm such modeling uses the information availa-
ble in a training set  =

{
(�i , yi) ∈  ×  ∶ i = 1,… ,m

}
 

with m ∈ ℕ
∗ , where the indicators y = 1,… , c define 

a class in � = {�1,�2,… ,�c} with a semantic mean-
ing assigned. On the other hand, unsupervised meth-
ods are not supported by training sets in modeling F. 
In this case, the learning is based on analogies found 
when the dataset is analyzed and the results are clus-
ters of similar elements without semantic meaning. 
Formally, let  = {�i ∶ (si) = �i ;si ∈ } , the dataset 
of attribute vectors from an image  , which builds a 
function F ∶  →  that assigns the elements of   to 
subsets Gj ⊆ , j = 1,… , h of similar elements such that ⋃h

j=1
Gj =  and 

⋂h

j=1
Gi = �.

As mentioned, unsupervised methods are not able to 
assign a semantic meaning through the classification pro-
cess. It is possible to interpret such results and then manu-
ally give a semantic meaning to the identified clusters, but 
the consistency between these clusters and such meaning 
is not guaranteed. When the classes are defined a priori, 
supervised classification is preferred [13]. Supervised 
methods can produce accurate results since the training 
set has enough information to model the classifier [4]. This 
imposition is usually related to large training sets, which is 
a limitation in some cases, for example, due to the cost and 
time needed to label training examples [30]. An alterna-
tive to the insufficiency of training data may be minimized 
exploitation of the implicit information of unlabeled data. 
This alternative motivated the development of the semi-
supervised paradigm [5].

Modifications to well-known methods in order to use 
unlabeled data in the training process [3, 12] use inter-
mediary processes to expand the training set [13, 21] and 
combine supervised and unsupervised methods [24]. 
Especially, the latter example is denominated as “indirect 
semi-supervised learning,” which is the focus of this work.

2.2  Hierarchical divisive algorithm

Clustering methods play an important role in exploratory 
data analysis, especially in cases where there is little if any 
knowledge about the data [11]. Furthermore, in a “classifi-
cation point of view,” clustering and unsupervised meth-
ods are synonymous, since they agree with the definitions 
of the previous section.

Among several clustering methods proposed in the 
literature, the Hierarchical Algorithms perform successive 
mergers or divisions over the initial dataset [9]. In particu-
lar, the Hierarchical Divisive Algorithm (HDA) starts with a 
single set that comprehends all the data involved in the 
clustering process, which is successively and recursively 
split into new subsets/clusters. As a joint step, the new 
“sub-clusters” are determined, for example, by the K-Means 
algorithm [29]. When the HDA is combined with K-Means 
and K = 2 , the hierarchical data clustering comprehends 
a binary tree, of which the determined clusters are the 
leaves.

Regarding the HDA, the so-called successive-recur-
sive splitting process is limited by two criteria: minimum 
cluster size (i.e., the set cardinality) and minimum cluster 
diameter (i.e., the biggest distance found between two 
elements inside the cluster). While the minimum cluster 
size prevents the definition of too-small clusters, the mini-
mum cluster diameter avoids splitting compact clusters 
and induces the splitting of clusters that are diffuse over 
the attribute space.

2.3  Stochastic distances and minimum distance rule 
for data labeling

Stochastic distances come from the information theory 
formalized in [23]. Such distances can be used to measure 
the similarity between two sets of information according 
to the distance between their probability distributions. 
The Bhattacharyya distance is a classical stochastic dis-
tance commonly used in remote sensing applications. If 
the multivariate Gaussian distribution is adopted to model 
the information sets, the Bhattacharyya distance is writ-
ten as:

where �
�

 and �
�

 are the average vector and covariance 
matrix estimated for modeling the random variable � , 
with (⋅)T , | ⋅ | , and (⋅)−1 denoting respectively the transpose, 
determinant, and inverse operations.
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Among several applications, stochastic distances 
may be used in a minimum distance rule to clas-
sify unlabeled datasets [25]. Supposing a training set 
 =

{
(�i , yi) ∈  ×  ∶ i = 1,… ,m

}
 and an unlabeled 

set of clusters  = {G1,G2,… ,Gh} , as defined in Sect. 2.1, 
the elements of cluster Gk are labeled as �j according to 
the following decision rule:

where f
Gk

 and f�j
 are probability density functions that 

model the distribution of elements in Gk and the elements 
of  assigned to �j , respectively. B(⋅, ⋅) is a stochastic dis-
tance like Eq. 1.

3  Clustering and stochastic distance 
for indirect semi‑supervised image 
classification

Based on the motivations and concepts presented in 
Sects. 1 and 2, an indirect semi-supervised image classifi-
cation framework is proposed. A general flowchart regard-
ing such framework is shown in Fig. 1, where three main 
steps appear: “clustering”, “cluster labeling using stochastic 
distance,” and “classification result assessment.”

Firstly, an unsupervised classification (referenced here 
as “clustering”) of the input image is performed. The HDA 
using the K-Means algorithm, as discussed in Sect. 2.2, is 
adopted for this purpose. It is worth mentioning that a 
parameter tuning process is needed in order to define 
the best configuration for minimum cluster elements and 
diameter values. This process is guided based on the visual 
analysis of results.

Once an appropriate unsupervised classification of 
the input image is achieved, a labeling process based 
on a minimum stochastic distance classification (MSDC), 
as presented in Sect. 2.3, is performed on each defined 
cluster. The Bhattacharyya distance (Eq. 1) is adopted. It 
is expected that a training set is available to estimate the 
parameters that model the distribution probabilities of the 
classes.

Finally, as an additional step, the classification 
result may be assessed using some accuracy measure. 

(2)(Gk ,�j) ⇔ j = argmin
j=1,…,c

B(f
Gk
, f�j

),

Given that HDA and MSDC are at the core of previous 
discussions, the proposed framework is referred to as 
HDA+MSDC.

4  Results and discussions

In order to check the effectiveness of the proposed 
HDA+MSDC framework, two case studies were carried out. 
Given the “statistical nature” of this framework, the clas-
sic Maximum Likelihood Classifier (MLC) and Mahalano-
bis Distance Classifier (MDC) methods were included as 
baselines in these studies. Further details regarding the 
MLC and MDC methods are found in [27].

The aforementioned case studies deal with land use 
and land cover classification in a region near the Tapajós 
National Forest in the state of Pará, Brazil, using images 
acquired by ALOS PALSAR and LANDSAT-5 TM sensors. 
Figure 2 shows the study area’s location. The PALSAR data 
(Fig. 3a) acquired on March 13, 2009, have HH, HV, and VV 
intensity polarization in the L-band and 20 m of spatial 
resolution and cover an area of 729 × 1100 pixels. The TM 
image (Fig. 4b) obtained on September 26, 2010, has five 
multispectral bands with 30 m spatial resolution and cor-
responds to an area of 650 × 650 pixels.

PALSAR data are a convenient choice for forest land 
cover mapping. For a synthetic aperture radar (SAR), 
atmospheric factors like dense cloud cover do not interfere 
with information acquisition, and its frequency (L-band) 
allows better land cover characterization in rainforest 
regions.

On the other hand, TM data were used to test the 
proposed framework because they use a different kind 
of image (i.e., multispectral) than SAR that is frequently 
adopted in forest monitoring studies [1]. Additionally, TM 
images are freely available for the study area and near the 
period when the mentioned fieldwork campaign was car-
ried out.

Based on a fieldwork campaign conducted in the study 
area in September 2009, different land uses and land cover 
classes were identified. In such fieldwork, several sites 
across the study area were visited and their land use/cover 
annotated. Surveys, geographic localization, and photos 

Fig. 1  Flowchart of proposed 
indirect semi-supervised 
image classification framework
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were registered in this stage. Using the collected informa-
tion, several land cover polygons were identified for PAL-
SAR and TM images.

It is worth noting that the fieldwork was carried out 
six months after the PALSAR image acquisition; then, a 
visual interpretation was necessary to relate the field 

Fig. 2  Study area location. Blue and red rectangles represent the ALOS PALSAR and LANDSAT-5 TM image areas, respectively

Fig. 3  ALOS PALSAR image in R(HH)G(HV)B(VV) color composition and the spatial distribution of training base (solid) and test set (void) 
sample polygons for each classification scenario. For class/scenario color legend, see Table 1
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observations to the image. Due to the spectral behavior 
of some land cover classes (especially pasture and agri-
culture) as well as cloud cover conditions, the TM image 
adopted in this research was taken approximately one 
year after the fieldwork campaign. In this case, the field-
work registers were updated through temporal analysis 
of LANDSAT images and then used as a basis for identify-
ing land cover polygons across the TM area.

Regarding the LANDSAT-5 TM image, the classes of 
agriculture (AG), pasture (PS), new regeneration (NR), old 
regeneration (OR), and forest (FO) were identified. These 
classes were organized into three classification scenar-
ios. The first scenario is defined by the five mentioned 
classes. The second scenario arises from merging FO and 
OR into a single class called high biomass (HB). Finally, 

Fig. 4  LANDSAT-5 TM image in R(4)G(3)B(5) color composition and the spatial distribution of training (solid) and test (void) sample polygons 
for each classification scenario. For class/scenario color legend, see Table 2
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the third scenario merges AG and NR to define the low 
biomass (LB) class.

Similarly, for the ALOS PALSAR, PS, AG, FO, and bare 
soil (BS) were considered as primary classes. This slight 
difference among the classes considered in TM and PAL-
SAR images comes from the different data acquisition (i.e., 
2010 and 2009, respectively) and is mainly due to sensor 
type (i.e., multispectral and SAR). Furthermore, just two 
scenarios were considered for the PALSAR data. While the 
first scenario is defined by all primary classes, the second 
scenario has the PS and SE classes merged into the LB 
class.

After identifying land cover classes in the study area 
and collecting the respective samples (as polygons), this 
information was randomly split into two subsets. In such 
splitting process, for each land cover class identified, 
it was imposed that the first subset of polygons should 
comprise approximately one-third of the pixels, and the 
remaining polygons should be placed in the second sub-
set. The first subset is referred to as the “training base” and 
the other as the “test set.” Since the polygons may have 
different sizes and shapes, the mentioned proportion are 
not guaranteed.

Posteriorly, the training base subset was adopted to 
define training sets with 10, 15, 25, and 50 pixels per class. 
The pixel selection were randomly repeated 10 times, 
producing 40 training sets. The second subset (compris-
ing approximately two-thirds of all sample polygons) was 
used to test each classification result from the classification 
methods learned through the defined training sets.

The use of training sets with varying numbers of pixels 
per class aims to observe if the performance gain/loss also 

follows a non-linear tendency. Furthermore, the numbers 
of 10, 15, 25, and 50 pixels/class have the objective of 
defining small training sets that make sense in the context 
of semi-supervised learning.

Tables 1 and 2 summarize the classes and scenarios 
of PALSAR and TM images, respectively. Moreover, these 
tables also present the number of samples available in the 
training base and test set.

The spatial distribution of the training base and test set 
samples of the PALSAR image for each scenario are pre-
sented in Fig. 3b, c, and those of the TM image in Fig. 4b–d. 
It is worth observing that when two classes are merged, 
the respective samples inside the training base and test 
set are also merged.

The HDA parameters were fine-tuned considering dif-
ferent values for the “minimum cluster size” and “minimum 
cluster diameter.” The tested values for “minimum cluster 
diameter” were in {0.1, 0.25, 0.5, 0.75, 0.9} and the “mini-
mum cluster size” in {200, 1K, 10K, 100K }. The best param-
eter configuration found for “minimum cluster diameter” 
was 0.1 for the TM image and 0.25 for the PALSAR image. 
Regarding the “minimum cluster size,” 1K was found to be 
the best value for both PALSAR and TM images.

The accuracy of the obtained classification results was 
assessed according to the kappa agreement coefficient 
[8] computed for the test samples. Furthermore, since 10 
training sets with different numbers of pixels per class (i.e., 
10, 15, 25 and 50) of each scenario were randomly defined 
from the training base, a total of 10 classifications were 
produced for each of these training set’s dimensions and 
scenarios as well as the respective kappa values. Conse-
quently, in order to obtain a general value to represent 
the performance of the analyzed methods, with respect 
to each scenario and training set dimension, the aver-
age and standard deviation of kappa values were com-
puted through the 10 individual kappas. Although simple, 
this process avoids the influence of a particular training 
set (randomly defined, as previously discussed) on the 
method assessment.

The above-discussed process is represented by the 
scheme in Fig. 5. All processing was conducted on a com-
puter with an Intel Core i7 processor and 16 GB of RAM 
running the Ubuntu-Linux operating system version 14.04. 

Table 1  Training base and test set for the ALOS PALSAR image and 
respective classification scenarios

Primary classes Training base Test set Scenarios

Pixels/polygons Pixels/polygons 1st 2nd

PS—Pasture 2679/2 3717/4  PS  LB
BS—Bare soil 3052/2 10,376/12  BS
AG—Agriculture 4591/4 12,464/16  AG
FO—Forest 6787/4 11,807/10  FO

Table 2  Training base and 
test set for the LANDSAT-5 
TM image and respective 
classification scenarios

Primary classes Training base Test set Scenarios

Pixels/polygons Pixels/polygons 1st 2nd 3rd

AG—Agriculture 177/3 252/5  AG  AG  AG
PS—Pasture 147/3 356/6  PS  PS  LB
NR—New regeneration 270/3 216/3  NR  NR
FO—Forest 211/2 262/3  FO  HB  HB
OR—Old regeneration 180/2 262/3  OR
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The Interactive Data Language (IDL) programming lan-
guage was used to implement the classification methods.

The performance of the analyzed methods is shown 
in Figs. 6 and 7. Regarding the results for the PALSAR 

image (Fig.  6), HDA+MSDC using small training sets, 
with 10 and 15 pixels per class, provides more accurate 
classification results than MLC and MDC. When bigger 
training sets are considered, and the semi-supervised 

Fig. 5  General flowchart of the 
experiment

Fig. 6  Performance of analyzed methods for each scenario and training condition in ALOS PALSAR image

Fig. 7  Performance of analyzed methods for each scenario and training condition in LANDSAT-5 TM image
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motivation is less reasonable, the MLC method appears 
to be preferred.

Similarly, for the TM image (Fig. 7), in the first and sec-
ond scenarios, HDA+MSDC tends to provide higher kappa 
values when small training sets (10 and 15 pixels/class) 
are adopted. Furthermore, independent of the training 
set size, the HDA+MSDC achieves better accuracy in the 
third scenario than the other methods. Additionally, MLC 
provides better results than MDC in the first and third sce-
narios. Tables 3 and 4 summarize the better classification 
results for each image, training set size, and scenario.

Figures 8 and 9 show the classification results obtained 
by the analyzed methods using the training set with 10 
pixels per class. Regarding the classification results of the 
PALSAR image, HDA+MSDC shows better performance in 
separating FO than the other methods. However, when 
the second scenario is analyzed, the proposed and MLC 
methods provide similar results, although MDC shows 
lower accuracy in classifying LB and AG classes. Focusing 
on the first classification scenario of the TM image, it can 
be noted that the HDA+MSDC method is able to better 

distinguish OR, FO, and NR classes. In the second scenario, 
it is possible to observe HDA+MSDC’s ability to better dis-
criminate AG and PS classes. Likewise, in the third scenario, 
better distinguishing between LB and HB is observed.

Regarding the computational run-time, MLC and MDC 
were less expensive than HDA+MSDC. While the MLC 
and MDC methods took about 2–3 minutes, the pro-
posed framework spent 10–12 minutes. Such behavior is 
explained by the two-stage classification of HDA+MSDC, 
where firstly the input image is “clusterized” by the HDA 
algorithm, and after this, each identified cluster is com-
pared to the training classes by means of Bhattacharyya 
stochastic. In order to compute this distance, the mean 
vector and the covariance matrix that models the mul-
tivariate Gaussian distribution of each cluster should be 
computed, which involves a time-expensive process.

5  Conclusions

In this paper, an indirect semi-supervised image classifica-
tion framework, denominated HDA+MSDC, was proposed 
and compared with the classic MLC and MDC statistical 
methods. Two case studies about land use and land cover 
classification in an Amazonian area were conducted using 
ALOS PALSAR and LANDSAT-5 TM images to compare the 
analyzed methods. Different classification scenarios were 
also considered.

The results show that HDA+MSDC has better perfor-
mance than MLC and MDC, independent of the considered 
image (i.e., multispectral or SAR) and scenario, when very 
small training sets (i.e., 10 or 15 labeled pixels/class) are 
available. Specifically, with respect to the TM image, it was 
observed that HDA+MSDC achieved results up to 14.6%, 
3.2%, and 13.6% more accurate than MLC and MDC in the 
first, second, and third scenarios, respectively. Regarding 
the results using PALSAR data, the proposed framework 
was 3.2% and 3.8% more accurate than the compared 
methods in reference to the first and second scenarios.

However, it is important to mention that the proposed 
framework has two parameters that should be adjusted 
before its use. Consequently, beyond the initial efforts 
spent tuning the parameters, the possibility of using a sub-
optimal parameter configuration that impairs the method 
performance should also be considered.

An innovative contribution of this work lies in the pro-
posal of an indirect semi-supervised framework based on 
cluster labeling through stochastic distances. Furthermore, 
the use of stochastic distances in semi-supervised frame-
works was not observed in prior work. Additionally, while 

Table 3  Best performance methods in each scenario and training 
condition for the ALOS PALSAR image

ALOS PALSAR

Scenarios (Kappa/standard deviation)

Pixels per class 1st 2nd

10 HDA + MSDC HDA MSDC
0.348/0.058 0.387/0.064

15 HDA + MSDC HDA + MSDC
0.423/0.029 0.355/0.087

25 HDA+MSDC MLC
0.408/0.040 0.419/0.049

50 MLC MLC
0.458/0.030 0.441/0.042

Table 4  Best performance methods in each scenario and training 
condition for the LANDSAT-5 TM image

LANDSAT-5 TM

Scenarios (Kappa/standard deviation)

Pixels per class 1st 2nd 3rd

10 HDA + MSDC HDA + MSDC HDA + MSDC
0.665/0.027 0.751/0.051 0.952/0.024

15 HDA + MSDC MDC HDA + MSDC
0.678/0.023 0.744/0.026 0.958/0.019

25 MLC MDC HDA + MSDC
0.690/0.017 0.750/0.018 0.958/0.016

50 MLC MDC HDA + MSDC
0.702/0.018 0.766/0.012 0.967/0.002
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the recent semi-supervised methods come from more 
complex concepts, the proposed framework has a very 
simple architecture.

As perspective for future works, the use of different 
clustering algorithms—for instance, Fuzzy C-Means and 
Gustafson–Kessel—should be investigated. Additionally, 
other stochastic distances like the Jeffries–Matusita and 
Kullback–Leibler distances should also be considered. 

Furthermore, the actual parameter tuning process may 
be carried out using an automatic optimization strat-
egy like Simulated Annealing, with objective function 
expressed in terms of a clustering assessment index, 
such as Xie–Beni’s measure. The inclusion of contex-
tual information (i.e., neighborhood behavior) through 
Markov random field or even filtering techniques may 
also be considered as a tactic to improve the framework’s 
accuracy and provide more regularized/smooth results.

Fig. 8  Classifications for first 
and second scenarios of ALOS 
PALSAR image using 10 train-
ing pixels/class. Legend of 
first scenario:  PS,  BS,  AG, 
and  FO—Legend of second 
scenario:  LB,  AG, and  FO
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