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ABSTRACT
Land use cover (LUC) classification is one of the most important applications of optical remotely sensed
data, while LUC mapping outcomes are used for global, local mapping, ecosystem assessment and
environmental process monitoring. Hence, in this study, in order to evaluate the advantages and drawbacks
of supervised classification schemes, the paper chose the optical image data of Landsat 8 OLI in Miyun
county to test supervised classification and introduced Parallelepiped Method (PM), Minimum Distance
(MD), Maximum Likelihood Classifier (MLC) and Support Vector Machines (SVMs) to improve classification
accuracy of LUC mapping and to obtain the reliable LUC distribution. The four classified images reveal that
the study area is dominated by considerable areas of forest land, with the overall accuracy found to be
87.89% (kappa = 0.8524) using SVMs, 85.26% (kappa = 0.8205) using MLC, 82.11% (kappa = 0.7813)
using MD, and 74.74% (kappa = 0.6920) using PM. Based on the overall accuracy and kappa statistics,
SVMs might be the first option in terms of classification accuracy without taking into account of the time
costly and standard PC and laptops. MLC was the second accurate model classifiers from the classified
image, which was always used to obtain LUC map information for economic potential in time and cost; and PM
has shown the lowest overall classification accuracy with greater omission errors and commission errors.
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INTRODUCTION

Land cover can be defined as changes in land resources re-
lated to biophysical factors such as biodiversity, soil and
ecological processes (Weng 2001), whereas land use refers
to the alteration of land for human needs, such as transporta-
tion, recreation and housing (Yemane 2003, Pillay et al.
2014). Furthermore, land use influences the environment,
mainly by land cover (Wang et al. 2010), and thus land use
cover (LUC) needs to be assessed simultaneously with an
integrated evaluation of the results, as there are multifarious
relationships between biophysical and social factors (Robson
2005, Sim et al. 2006). Remotely-sensed data (i.e., satellite
or aerial imagery) has been one of the most important data
sources for studies of LUC spatial and temporal changes
(Fichera et al. 2012), and also can often be used to define
land-use through observations of the LUC (Brown et al. 2000,
Karl & Maurer 2010).

In fact, gathering information about LUC from RS data
is a fundamental tool for RS interpretation and information
extraction. Satellite data classification is a method by which
labels or class identifiers are attached to individual pixels
on the basis of their spectral characteristics in various bands

(Sharma et al. 2013), and then becomes a vital role in image
interpretation because classification results are basis for in-
terpretation, analysis and modelling for various environmen-
tal and socio-economic applications (Jensen & Cowen 1999).
However, due to the characteristics of RS data with large
amount, higher-dimension and difference between spectrum
and spatial distribution of objects, classification of remotely
sensed satellite data into a thematic map remains a challenge
(Sharma et al. 2013). Further, the traditional classification
algorithms, which  are commonly used in remote sensing
studies and currently available in today’s software systems,
including algorithms of MLC, MD, PM (Abdul-Qadir 2014).
While comparing the studies of different classification al-
gorithms, SVMs, as a non-parametric supervised learning
classifier, is a very effective and useful tool for the remote
sensing image classification on LUC, and has been increased
significantly in the past decade (Mountrakis et al. 2010).

Miyun county, which is situated in the northeastern of
Beijing, the capital of China, is very important surface source
of drinking water and natural ecological zone. While in re-
cent years, the natural factors and irrational human activi-
ties caused great changes in LUC of the study region, and



Vol. 15, No. 1, 2016  Nature Environment and Pollution Technology

244 Wenfeng Gong et al.

then made a certain impact on eco-environment quality. As
for the actual eco-environment situation, it is not only di-
rectly influenced the local economic development and resi-
dential living, but also made an impact on the safety of wa-
ter supply for Beijing. Therefore, in order to improve the
water quantity and quality of Miyun reservoir, it is very nec-
essary to master the LUC current situation and implement
the protective measures for regional eco-environment. In this
paper, with optical image data of Landsat 8 OLI, the four
supervised classification schemes in discrimination of geo-
logical materials were evaluated to improve classification
accuracy of LUC mapping and to obtain the reliable LUC
distribution. The objectives of this paper are as follows: (1)
to identify and classify dominant LUC classes of study re-
gion using GIS; (2) to evaluate and supervise the classifica-
tion result performance in SVMs, PM, MD and MLC by
using standard measures of accuracy assessment; (3) to find
the best result in supervised classification among the differ-
ent classifiers.

MATERIALS AND METHODS

Study area: Miyun county (Fig. 1), is the greatest county in
Being between latitude 40°14’-40°48’N and longitude
116°41’-117°30’ E, which covers an area of 2229.5 km2.
The gently mountain region, is mainly situated in northwest
of the study area, which accounts for 79.47% of the total
area, while the mainly hilly and partially plain areas are lo-
cated in the southeast region, and the altitude varies from
150 to 1800 m above sea-level with an average elevation of
962 m. The climate of the region is warm and semi-humid
continental monsoon with a range of annual rainfall between
407 mm in the northwest zones to 797 mm in the southeast
(Li et al. 2013). About 80% of the rainfall occurs between
June and September. The distribution of precipitation is gen-
erally decreasing from southeast to northwest. Annual aver-

age temperatures in the upper and lower watershed are 9°C
and 25°C respectively (Chen et al. 2011).

Data processing: Landsat 8 OIL (Path/Row:148/45) dated
October 23rd, 2013 was used for this study. Prior to the in-
terpretation for obtaining accurate data, data processing is
very important for satellite images with standard procedures
including georeferencing, radiometric correction and image
enhancement (Qin et al. 2006, Masoud & Koike 2006, Wang
et al., 2010). Firstly, the standard false colour composites
were generated displaying bands 6, 5, 4 for this image as
red, green and blue respectively, then based on the 1:50,000
scale topographic maps, supported by the ENVI 5.1 remote
sensing software, the image was geo-rectified by Transverse
Mercator (TM) projection, while the resampling method was
the linear interpolation, the root mean square errors (RMSE)
was under 1 pixel. With the support of the FLAASH (Fast
Line of Sight Atmospheric Analysis of the Spectral
Hypercubes) module, the image was enhanced by linear con-
trast stretching and histogram equalization methods (Liu et
al. 2007), and then the image of the study area was masked
by using the boundary with raster format.

Image classification: Prior to image classification, the re-
gional land use classification system was set up with refer-
ence to the current Land Use Condition Classification (Chi-
nese National Standard GB/T 2000-2007), then some high
resolution images were used as referenced data, such as World
View-2 image (0.5m in the panchromatic band and 2.0m in
multispectral bands) and Googlearth Map. A congruous
number of training samples have been selected as reference
data and ancillary information by using a handled GPS.
Meanwhile, according to the actual regional land use state, a
hierarchical classification system of 6 land cover classes was
extracted from the image data, which were croplands, forest
lands, grasslands, water bodies, built-up areas and unused

 

Fig. 1: Geographic location of the study area.
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lands. While, croplands included paddy and dry farming land;
forestlands included forest, shrub and others, grasslands in-
cluded natural grasslands and pastures; water bodies included
rivers and reservoirs; built-up land mainly included urban
areas, rural settlements and others; unused lands included
wetland, bare rock and so on. In training stage, the ROIs
(Regions of Interest) were selected as training areas (poly-
gons) on the screen for image classification, the number of
sample ROIs (from visual interpretation, filed data and some
high resolution images) for croplands, forestlands,
grasslands, water bodies, built-up lands and unused lands
was 58, 136, 75, 37, 89 and 64 respectively, then the total of
459 training sites were used for classification algorithms.
Finally, 3×3 majority filter has been applied to the classi-
fied LUC data to reduce the “salt & pepper” effect (Lillesand
& Kiefer 1999).

RESULTS AND DISCUSSION

Classification accuracy analysis: In order to quantitatively
analyse the classification performance, the accuracy assess-
ment of classification and the LUC mapping are performed
in this paper, which can be described as the method for the
analyst to distinguish, to what extent of reliability and con-
fidence can be drawn from the data analysis (Pillay et al.
2014), meanwhile, the accuracy statistics provides objective
information about the quality of the LUC classification
(Wondie 2011). Therefore, the 190 random points of accu-

racy assessment were chosen using the random stratified
method to represent different land cover classes, 164 points
from field data by using GPS and 26 points from the refer-
enced data. Meanwhile, error and accuracy assessment of
classification result has been calculated. On the basis of con-
fusion matrix by which several characteristics about classi-
fication performance can be expressed, including the omis-
sion (exclusion) and commission (inclusion) (Abdul-Qadir
2014), the overall accuracy of the classification, producers
and users accuracy and Kappa coefficient were generated
from this error matrix, which are reported in Tables 1, 2, 3
and 4. According to the specialized literature (Congalton &
Green 1999), the Kappa statistics values can be divided into
three groups as follows: (1) higher than 0.80 representing a
strong agreement, (2) values in the range 0.40-0.80 express-
ing a moderated agreement, (3) and values below 0.40 rep-
resenting a weak agreement (Vorovencii 2014). We can see
that the classification results using the SVMs obtained the
best overall accuracy of 87.89% and Kappa as 0.8524, fol-
lowed by MLC kept the overall accuracy of 85.26% and
Kappa of 0.8205, while the classification method of the PM
obtained the least overall accuracy of 74.74% and Kappa as
0.6920. It is obvious that the Kappa accuracy values of 0.8524
for SVMs and of 0.8205 for MLC show a strong agreement
between map classification and ground reference data, how-
ever, the Kappa accuracy values of 0.7813 and 0.6920 for
two classification methods of MD and PM keep a moder-
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Fig. 2: LUC map using different supervised classifiers (a. PM; b. MD; c. MLC; d. SVMs).
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Table 1: The error matrix for classification method of PM.

Class name Cropland Forestland Grassland Water-body Built-up land Unused land Total Users accuracy

Cropland 21   1 3   1 2 2 30 0.7000
Forestland 3  36  2 1 0 4 46 0.7826
Grassland   4 2   29 0 0 3 38 0.7632
Water-body 2  0 0  16   1 1 20 0.8000
Built-up land   1   1 0 3   18 2 25 0.7200
Unused land 2 2 2 2 1 22 31 0.7097
Total   33  42 36 23 22 34 190
Producers accuracy 0.6364 0.8571 0.8056 0.6957 0.8182 0.6471

Overall classification accuracy = 74.74%; Kappa statistics = 0.6920

Table 2: The error matrix for classification method of MD.

Class name Cropland Forestland Grassland Water-body Built-up land Unused land Total Users accuracy

Cropland 24 1 2 1 2 0 30 0.8000
Forestland 1 41 2 0 0 2 46 0.8913
Grassland 3 2 31 0 0 2 38 0.8158
Water-body 0 1 0  17 1 1 20 0.8500
Built-up land 2 1 1 0 19 2 25 0.7600
Unused land  2 2 1 1 1 24 31 0.7742
Total   32 48 37 19 23 31 190
Producers accuracy 0.7500 0.8542 0.8378 0.8947 0.8261 0.7742

Overall classification accuracy = 82.11 %; Kappa statistics = 0.7813

Table 3: The error matrix for classification method of MLC.

Class name Cropland Forestland Grassland Water-body Built-up land Unused land Total Users accuracy

Cropland  25 1 0 1 2 1 30 0.8333
Forestland 0 42 2 0 0 2 46 0.9130
Grassland 3 2 31 0 0 2 38 0.8158
Water-body 0 0 0 19 0 1 20 0.9500
Built-up land 1 1 0 0 20 3 25 0.8000
Unused land 1 2 2 0 1 25 31 0.8065
Total   30 48 35 20 23 34 190
Producers accuracy 0.8333 0.8750 0.8857 0.9500 0.8696 0.7353

Overall classification accuracy = 85.26 %; Kappa statistics = 0.8205

Table 4: The error matrix for classification method of SVMs.

Class name Cropland Forestland Grassland Water-body Built-up land Unused land Total Users accuracy

Cropland 26 1 0 1 2 0 30 0.8667
Forestland 0 43 2 0 0 1 46 0.9348
Grassland 2 1 33 0 0 2 38 0.8684
Water-body 0 0 0 18 1 1 20 0.9000
Built-up land 1 1 0 0 21 2 25 0.8400
Unused land 0 2 2 0 1 26 31 0.8387
Total 29 48 37 19 25 32 190
Producers accuracy 0.8966 0.8958 0.8919 0.9474 0.8400 0.8125

 Overall classification accuracy = 87.89 %; Kappa statistics = 0.8524
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ated agreement respectively. Meanwhile, the users and pro-
ducers accuracy of individual classes for the same image were
63-95%, the MLC exhibited the highest users and producers
accuracy for water body of 95% due to the integration of the
visual interpretation with the classified image, while PM has
shown the worst users and producers accuracy for cropland
of 70.00% and 63.64% respectively. That the lowest accu-
racy was cropland could be explained by the fact that the
shape of cropland is very similar to grassland, which led to
the confusion with the grassland.

In a word, the SVMs exhibited the highest classification
accuracy, accurately discriminated the ground objects,  es-
pecially for the easily misclassified feature, and classified
cropland, forestland, grassland and unused land more accu-
rate than other classifiers. However, application of SVM is
time costly when using standard PC and laptops during the
image interpretation. Inferior to the SVMs, MLC shows the
potential to discriminate the configuration and lithologic
contents when accurate spectral behaviours for training pixels
are considered (Abdul-Qadir 2014), and classifying the built-
land and water-body more accurate than other classifiers.
Moreover, an advantage of MLC is that it costs a short time
during the processing of image interpretation. Hence, com-
paring to other classification methods, in practice, we are
still using the MLC as a main processing method in dealing
with digital remote sensing techniques when the strong train-
ing dataset was used. In comparison, the results from PM
performed the least overall classification accuracy with
greater errors of omission and commission, the main reason
is that the ground surface features is easily disturbed by the
similar spectral information.

Classification results analysis: Classification results of four
different LUC maps along with Landsat 8 OLI data are pre-
sented in Fig. 2, originally storing in raster format (30m pixel
resolution), and then have been converted into the shape file
(*.shp) vector format using ArcGIS 9.3. Meanwhile, descrip-
tion of these land cover classes derived using classification
schemes are presented in Table 5, and area calculation of
LUC is shown in Fig. 3. We can see that the land use cover
classes of cropland (295.40km2), grassland (162.95km2),

water-body (115.98 km2), built-up land (184.10 km2) and
unused land (348.60 km2) for PM have been overestimated,
and shown the maximum classes against other three classifi-
cation methods. Moreover, comparing to other three classi-
fiers, PM was shown the minimum coverage of forestland
(1119.05km2), while the SVMs was shown the maximum
forestland (1317.37km2) among the four classification algo-
rithms. On the whole, the forestland area took up greatest
proportion, with the ratios from 50.27% to 59.18% among
all the classifiers. The four classified images reveal that the
study area is dominated by considerable areas of forestland,
and controlled the overall land use structure, functional and
dynamic processes. Moreover, taking the actual situation into
consideration, the Miyun reservoir needs more forestland to
reduce the soil erosion and protect the environment and im-
prove the water quality. On the contrary, the water-body
accounted for the least ratio against the other land classes. In
comparison, built-up land (anthropogenic pattern) and un-
used land (semi-natural land use pattern) mapped the mini-
mum land classes by SVMs, which accounts for 158.55 km2

and 247.39 km2 respectively, and classified the built-up land
less accurate than MLC. Obviously, the current overall land
use pattern of the study area is dominated by forestland scat-
tered with water-body, grassland and built-up land. In addi-
tion to the outside factors and natural conditions, the present
land use pattern is influenced by its location, important
sources of drinking water in Beijing, population, level of
economic development and regional industrial structure of
the study area.

CONCLUSION

In order to evaluate the advantages and drawbacks of super-
vised classification, this paper chose the Landsat TM OLI
data and ancillary data of Miyun county in North China to
test four supervised classification schemes in discrimination
of geological materials and introduced PM, MD, MLC and
SVMs with the objective to obtain an accurate classification
of LUC mapping. The major findings are as follows: The
four classified images reveal that the study area is dominated
by considerable areas of forestland. Based on the overall

Table 5: Classification results of different land use catalogues.

Class                  PM                                                MD                                             MLC                                        SVMs

km2 % km2 % km2 % km2 %

Cropland 295.40 13.27 228.84 10.28 250.43 11.25 272.59 12.25
Forestland 1119.05 50.27 1220.56 54.83 1294.47 58.15 1317.37 59.18
Grassland 162.95 7.32 140.69 6.32 114.87 5.16 120.19 5.40
Water-body 115.98 5.21 115.09 5.17 103.29 4.64 109.99 4.94
Built-up land 184.10 8.27 181.65 8.16 160.50 7.21 158.55 7.12
Unused land 348.60 15.66 339.25 15.24 302.52 13.59 247.39 11.11
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accuracy and kappa statistics, SVMs might be the first op-
tion in terms of classification accuracy, without taking into
account of the time cost and standard PC and laptops, and
classified cropland, forestland, grassland and unused land
more accurate than other classifiers; MLC was the second
accurate model classifier from the classified image, which
classified the built-up land and water-body more accurate
than SVMs, and is always used to obtain LUC maps infor-
mation for economic potential in time and cost. PM shown
the lowest overall classification accuracy with greater omis-
sion errors and commission errors.
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