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Hybrid Approach to Classification
of Remote Sensing Data
Artem A. Andreiev
Abstract — Remote sensing engages two well-known approaches for data classifying: supervised and
unsupervised ones. Supervised classification requires training samples of classes selected by an expert. However,
those classes, as a rule, are subjective as well as selected training samples are not accurate. On the other hand,
unsupervised classification needs no training samples and forms objective clusters. The disadvantage of the
unsupervised approach is that formed clusters, unlike the training samples selected by an expert, could not be
interpreted reasonably. A hybrid approach to classification is developed to solve the problem described above. The
proposed approach to classification consists of three steps: 1) subdividing training samples of expert-selected
classes into objective subclusters by unsupervised classification; 2) performing supervised classification of remote
sensing data using subdivided training samples; 3) merging obtained subclasses into the expert-selected classes.
This approach reduces the inaccuracy and subjectiveness of the selected samples. Therefore, it increases the final
classification accuracy in comparison with both of the mentioned types of classification.
Keywords—remote sensing; unsupervised classification; supervised classification; training samples
subdividing; subclasses.

I. INTRODUCTION
One of the main tasks of remote sensing is satellite image classification. This classification
is used for such tasks as land-cover change detection [1], forecasting gas and oil potential of
subsoil plots [2] and detection of any other objects [3]. Remote sensing engages two wellknown approaches for data classifying: supervised and unsupervised ones.
Supervised classification requires the use of training samples for each of the classes. These
samples should be representative. The aim of this approach is to assign each of pixels to that
class to which sample the pixel is similar in its characteristics. Some of the most common
methods of supervised classification are Maximum Likelihood, Mahalanobis Distance, Support
Vector Machine [4,5].
Unlike supervised classification, unsupervised classification methods do not require a
training sample. These methods provide for the automatic distribution of pixels to a certain
number of clusters basing on the analysis of the statistical distribution of pixel characteristics.
Among the methods of unsupervised classification К-means [6], K-medians [7], K-medoids [8]
and Cure [9] can be highlighted.
However, disadvantage of the unsupervised approach is that formed clusters, unlike the
training samples selected by an expert, could not be interpreted reasonably. On the other hand,
classes, selected by an expert for supervised classification, as a rule, are subjective as well as
selected training samples are not accurate. To solve this problem a hybrid approach to
classification is developed.
II. METHOD
As any method of supervised classification, the proposed approach to classification requires
an input image and training samples of each of the classes. A series of requirements should be
satisfied in input training samples [10]. The key requirements here are completeness,
sufficiency, and purity.
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The scheme of the proposed approach to classification of remote sensing data is shown in
Fig. 1.

Fig 1. The scheme of hybrid approach to classification of remote sensing data

The first step is clustering of training samples. Due to subjectiveness of expert-selected
classes, they should be subdivided into objective subclusters by unsupervised classification.
This procedure provides a certain number of subclusters for each class of training samples. The
number of subclusters could be determined taking into account the density of each class or its
intersections with other classes.
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In the second step, the classification of the image into subclasses is performed using
subdivided training samples. This procedure is named subclassification.
The final step is to merge the subclasses into classes selected by an expert. To create merged
classification, the initial class of each pixel’s subclass should be determined.
III. RESULTS AND DISCUSSIONS
Proposed hybrid approach to classification of remote sensing data was applied to LandsatOLI8 multispectral satellite image of the test site in Ivano-Frankivsk region, Ukraine (Fig. 2).
Square of the study area is 247.91 km2.

Fig. 2. Landsat-OLI8 multispectral satellite image, Ivano-Frankivsk region (Ukraine), August 9, 2018,
30 m input spatial resolution

The following six classes were selected for classification: artificial surfaces, croplands,
grasslands, tree-covered areas, water bodies and bare rocks. The training samples were selected
for each of the mentioned classes.
TABLE I
Description of the land cover classes
Land Cover Class

Description

Artificial surfaces

Urban public and industrial built-up areas, transport units and construction sites

Croplands

Arable land, permanent crops, fallow lands, heterogeneous agricultural areas, open soils

Grasslands

Natural herbaceous vegetation, permanent grasslands of natural origin, pastures

Tree-covered areas

Broadleaved and coniferous forests, roadside tree lines, areas with tree cover more than 30%

Water bodies

Rivers, reservoirs, streams

Bare rocks

Sand and gravel sediments of the river valleys

Initial classification was obtained by using maximum likelihood method of supervised
classification. Result of classification is shown in Fig. 3.
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Fig. 3 Initial classification of study area

The proposed hybrid approach to classification involves unsupervised classification for
clustering the training samples. For this example, K-Means was chosen as a method of
unsupervised classification. This method requires a number of clusters for each of the classes.
The chosen numbers are shown in table 2.
TABLE II
Number Of Subclasses For Each Of The Classes
Class name
Number of subclasses
Artificial surfaces
2
Croplands
5
Grasslands
4
Tree-covered areas
2
Water bodies
1
Bare rocks
2

After subdividing training samples into clusters, the procedure of subclassification was
performed. The method of supervised classification used for this procedure was maximum
likelihood one. The result is shown in fig. 4.

Fig. 4. Classification of study area using proposed approach

CERES ©2020

35

Central European Researchers Journal, Vol.6 Issue 2

According to [11], the procedure of accuracy assessment was performed. The
unproportionate stratified random sampling was used to select 10 pixels for verification from
each of the classes. The total amount of the verification sample was 60 pixels. As the result of
this procedure, producer’s accuracy (PA), user’s accuracy (UA) and overall accuracy (OA)
were obtained for each classification.
OA of initial classification of study area is 63%. Values of UA and PA are shown in table 1.
TABLE III
Accuracy Assessment Of Initial Classification

Classification result

Truth data
1

2

3

4

5

6

Total (pixels)

UA (%)

1. Artificial surfaces

6

0

0

0

0

0

6

100.00

2. Croplands

2

7

2

0

0

10

21

33.33

3. Grasslands

1

2

7

2

0

0

12

58.33

4. Tree-covered areas

0

1

1

8

0

0

10

80.00

5. Water bodies

0

0

0

0

10

0

10

100.00

6. Bare rocks

1

0

0

0

0

0

1

0.00

Total (pixels)
PA (%)

10

10

10

10

10

10

60.00

70.00

70.00

80.00

95.83

0.00

OA of classification of study area by proposed approach is 83%. Values of UA and PA are
shown in table 3.
TABLE IV
Accuracy Assessment Of Classification Using Proposed Approach

Classification result

Truth data
1

2

3

4

5

6

Total

UA (%)

1. Artificial surfaces

7

0

0

0

0

1

8

87.50

2. Croplands

2

7

2

0

0

10

10

80.00

3. Grasslands

1

2

7

2

0

0

13

69.23

4. Tree-covered areas

0

1

1

8

0

0

9

88.89

5. Water bodies

0

0

0

0

10

0

10

100

10

80.00

6. Bare rocks

1

0

0

0

0

0

Total

10

10

10

10

10

10

70.00

80.00

90.0

80.00

100.00

62.50

PA (%)

The proposed approach provides classification, which OA is 20% higher than initial one. It
is worth noting that UA and PA of “Bare rocks” class have increased from 0% to 62.50% and
80% compared to initial classification, respectively.
IV. CONCLUSIONS
The presented hybrid approach to classification of remote sensing data is developed to solve
the problem of subjectiveness of training samples selected by an expert. This approach allows
to combine both supervised and unsupervised types of classification.
It was shown in the example, that subdividing initial classes into subclasses could
significantly increase an accuracy of classification if the appropriate number of subclasses for
each of the classes is determined.
Further research should be aimed at developing an algorithm for determination of the most
appropriate number of subclasses for each of the classes.
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