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ABSTRACT

Multispectral classification is one of the main methods in the analysis and processing of digital remotely sensed imagery,
which until now is still widely used to generate land-cover/ land-use information. Technically, pixel-based classification
methods rely on conventional approaches, as compared to GeoBIA, and it can be implemented using either supervised or
unsupervised methods. The classification methods are supported by the rapid development of various image processing
software, which provide a wide variety of algorithm options, so that the classification process can be carried out easily.
Although relatively simple, an appropriate selection of multispectral classification algorithm may provide highly accurate
land-cover maps. However, the highly accurate land-cover/land-use maps may also be influenced by image types and
classification schemes that are used in the study. This study aimed to compare the results of the multispectral classification
using maximum likelihood algorithm, for generating land-cover maps based on Landsat-8 OLI images (30 meters) and
Pleiades imagery (2 meters). The classification referred to two different classification schemes relating to spectral and
spatial dimensions. The results showed that the multispectral classification with spectral-related classification scheme
applied to Pleiades imagery gave higher overall accuracy as compared to that of Landsat-8 OLI. It was also found that the
highest overall accuracy achieved in this study was 81.7%, obtained using Pleiades imagery and referring to spectral
dimension classification scheme. On the other hand, the lowest overall accuracy was obtained by the same imagery applied
using spatial-related dimension. The relatively similar values of low overall accuracy for spatial-related dimension was
also gained by Landsat-8 OLI imagery, proving that multispectral classification does not work well for spatial-related land
cover classification scheme.

Keywords: multispectral classification, classification scheme, spectral dimension, spatial dimension, Landsat-8 OLI,
Pleiades, accuracy assessment

1. INTRODUCTION

Land cover is one of the important information that is naturally dynamic and widely needed as the basis for various
activities related to development planning, natural resource management, as well as spatial modeling of human interaction
with the environment. Considering the importance of its information for various parties and domains, the land cover
inventory needs to be carried out effectively and efficiently. Remote sensing is a proven technology which could be
employed for generating land cover data effectively and efficiently [1], with no direct contact needed with the
corresponding objects. The usage of such technology only requires validation of interpretation results or generally
mentioned as a ground check to produce information that can be scientifically accountable and acceptable.

Digital image analysis is one of the various methods for generating land cover information, which has been rapidly
developing along with the vast development of remote sensor technology. Multispectral classification is a basic function
in remotely sensed digital image analysis [2] which classifies digital numbers (DNs) as a representation of various land-

! erisawaspadi@gmail.com
2 projo.danoedoro@geo.ugm.ac.id (corresponding author)
3 farda@geo.ugm.ac.id

Sixth Geoinformation Science Symposium, edited by Sandy Budi Wibowo, Andi B. Rimba
Stuart Phinn, Ammar A. Aziz, Proc. of SPIE, Vol. 11311, 113110U - © 2019 SPIE
CCC code: 0277-786X/19/$21 - doi: 10.1117/12.2548888

Proc. of SPIE Vol. 11311 113110U-1



cover objects in the Earth’s surface. Although there are tremendous advances in digital image analysis techniques,
multispectral classification is still widely used to generate land cover maps due to the simplicity of its operation. The ease
of multispectral classification usage is supported by the availability of various digital image processing applications
containing numerous classification algorithm options. The usage of appropriate classification algorithms concerning the
data’s characteristics possibly produce highly accurate of land cover maps. Moreover, Estoque, ef al., (2015) states that
several other triggering factors resulting in highly accurate maps are the classification scheme being used [2]. The
classification schemes appear as the framework influencing the image selection, the opted method, and the detailed
information needed in the land cover map production.

This study aimed to compare the results of the usage of multispectral classification for generating land-cover maps based
on Landsat-8 OLI images (30 meters) and Pleiades imagery (2 meters) within two different classification schemes. The
classification schemes used in this study were the spectral and spatial-related land cover proposed by [3] and [4]. Those
two dimensions of classification schemes were selected with respect to the land cover types found in the study area, as

listed in Table 1.
Table 1. Selected classification scheme, modified from [3] and [4]

Spectral related cover dimension Spatial dimension

Code  Class object Code  Class object

Cll Deep water S11 Sea

Ci2 Shallow water S12 Lake

Cc22 Woody broadleaves S13 River and channel

C22 Non-woody broadleaves 8§21 Block coverage vegetation

C31 Bare soil, dry 522 Field pattern

C32 Bare soil, moist 524 Other vegetation feature with specific shapes

C41 Asphalt, concrete and S31 Coastal barren land

cemented surface S41 Built -up area, whether isolated or not

C42 Compacted clay surface 543 Built-up features with linear shapes

2. METHODS

2.1 Study area and dataset
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Figure 1. Part of Kulonprogo district, which was selected as the study area

As shown in the Figure 1, this study made use of all multispectral reflective bands of Landsat-8 OLI and Pleiades recorded
on May 05, 2018 and April 27, 2018, respectively. The significant difference of spatial resolution as well as spectral in
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Landsat-8 OLI (7 multispectral bands with 30-m pixel size) and Pleiades (4 multispectral bands with 2-m pixel size) were
compared to determine the effect of both resolution on the spectral and spatial classification scheme dimension using
multispectral classification technique. For these two datasets, a relative radiometric correction using DOS (Dark-object-
subtraction) [5] and cloud masking were performed to normalize the distribution of pixel value in each imagery. Even
though no absolute necessities to actuate the relative radiometric correction [5], it would improve the spectral aspect and
visual appearance which would ease the training sample selection and analysis by the interpreter.

The DOS’s corrected and cloud-free imagery was then cropped in order to obtain Kulonprogo District as the area of
interest, and to ease the classification execution as well as ground truth checking. The selection of the study area as showed
in Figure 1 was based on the variation of land cover types in the southern part of Kulonprogo. In the study area, there were
various features such as water bodies features (namely Sermo reservoir, Progo river, and part of Indian ocean), vegetation
(both dense and thin/sparse) cover, built-up areas, barren land, cultivated land, and many more. The existence of almost
all classes of land cover features in each referred classification schemes was expected to provide a comprehensive
understanding of the comparison of classification schemes and methods for the two images used in this study.

2.2 Algorithm selection

Multispectral classification could be done either with a supervised or unsupervised approach using a variety classification
algorithm. The selection of algorithm becomes an essential part of multispectral classification which directly affects the
statistical tendency of the pixel to be labeled as a particular class of objects. The use of different algorithms in the
supervised classification applied for the same training sample possibly would produce land cover maps with different rates
of accuracy. Therefore, the selection of algorithm in the multispectral classification is needed to be based on the
understanding of the calculation process behind the algorithm utilized.

Maximum likelihood is one of the most widely used algorithms in the classification of digital imagery or in remote sensing
field [6,7,8]. It was considered to be the most statistically stable algorithm to be applied in remotely sensed image analysis
and one of the most accurate classifiers due to the usage of various statistical features in its process [7,9]. Technically,
maximum likelihood classifies pixel values based on probability calculation represented on the shape, size, and orientation
of the sampled feature space [8]. The assumption deployed in the classifier was the homogeneous object will always display
a normal distribution (Gaussian) histogram where the distribution of the sample’s spectral signature could be fully
described using mean vectors and covariance matrices [9].

2.3 Classification procedures

Supervised classification using maximum likelihood was applied on the cropped Landsat-8 OLI and Pleiades imagery to
produce spectral and spatial-related land cover maps. Through the classification method, less than 100 pixels were taken
either in the form of points or polygons are proportionally taken to be calculated as a training sample. Point as a retrieval
sample unit was carried out on Landsat-8 OLI imagery for training C41, S13 and S42 classes which have elongated patterns
and narrow dimension compared to Landsat-8 OLI’s spatial resolution; whereas the rest of class features in that imagery
as well as that of Pleiades were taken in the form of polygons. The two kinds of retrieval sample unit were applied as a
strategy to minimize the possibility of accidentally mixed-pixel taken which would decrease its separability indices,
considering the low spatial resolution of Landsat-8 OLI.

Technically, the training sample was retrieved in several tentative feature classes to facilitate the computer calculation in
distinguishing several spectral variations of the same class object either in spatial or spectral dimensions classification
schemes. The tentative classes were then merged into the main class features for both classification schemes (Table 1) in
the post-classification stage, to be calculated for its classification accuracy results. In that stage, a 3x3 pixels of majority
filter was selectively applied to the whole feature class but C11, C4, S13, and S43, which having elongated pattern and
relatively narrow dimension. The selective filtering was needed to minimize salt-and-pepper effect which frequently found
in multispectral classification results as well as to fulfill the MMU (Minimum mapping unit) referring to [10].

2.4 Accuracy assessment

An area-based accuracy assessment using an error matrix [11] was performed for each classification results to determine
the most accurate land cover map produced in this study. A total of 81 sample areas collected from field-work were selected
as the basic calculation of overall accuracy as well as producer’s and user’s accuracy of each feature class. The sample
was stratified-randomly selected considering the stratified land cover class, related to the spectral and spatial dimensions,
and also to the proportion of coverage area for each feature objects. The usage of area (or polygon)-based instead of point-
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based samples in the error matrix calculation was conducted to minimize the possibility of low accuracy results due to the
binary decision used in the point-based calculation.

3. RESULTS AND DISCUSSION

3.1 Spectral-related land cover classification scheme

The results of spectral-related classification scheme using Landsat-8 OLI and Pleiades imagery were shown in figure la
and 1b respectively. The spatial resolution differences between those images were considerably giving a significant impact
on the detail of classification results, especially for narrow objects with elongated patterns as rivers, waterways, and roads
which were categorized as C12 and C41. By using Landsat-8 OLI, the representative appearance of C12 was only found
in the related object having enough dimension (larger than the one-pixel size of Landsat-8 OLI) like Sermo reservoir
located in the northwest of the study area (upper left of the images). On the other hand, the classes with specific patterns
were able to be well classified using Pleiades imagery.
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Figure 2. Spectral-related classification result using (a) Landsat-8 OLI (b) Pleiades. The class codes refer to Table 1.
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Although produces relatively higher details as compared to Landsat-8 OLI result’s, there were few objects could not be
classified well as exhibited in Figure 1b, in comparison with those in Figure 1a. The higher details resulted from the high
spatial resolution of Pleiades would possibly become a weakness to classify several classes of the homogeneous object in
an extensive coverage, such as sea entitled as C11 and paddy field labeled as C22. As revealed in Figure 1b, several
classification anomalies were found in both homogenous classes whereas few individuals or clustered pixels were
classified into different class features amongst C11 or C22. Furthermore, the classification anomalies were also
predominantly found in some features namely shadow, cloud or fog with the use of Pleiades imagery.

Although the relative radiometric correction and cloud masking were applied in the pre-processing stages, the bias which
could decrease the resultant maps accuracies could not be significantly avoided using Pleiades. On the other hand, the
various biases seem did not dominantly appear in the classification resulted by Landsat-8 OLI due to the use of three
infrared bands which were resistant to some atmospheric disturbances. Whereas the appearance of the object’s shadow
(the shadow of the tree or building) did not appear in figure 1a because of the limited pixel size of Landsat-8 OLI to be
able recording the appearance of shadows which generally smaller than one pixel in its imagery.
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3.2 Spatial-related land cover classification scheme

In general, nine classes taken from spatial-related classification schemes could not be well classified using supervised
classifications. It was clearly shown from the less representative appearance of the most classes resulting neither by
Landsat-8 OLI (Figure 2a) nor Pleiades (Figure 2b) imagery. The fairly representative classification results were only
found in the feature classes consisting of the water bodies (S11, S12, and S13) and vegetation class (S21). Even though
there were some biases as found in the spectral-scheme classification results, the three classes consisting of water bodies
were well-differentiated in the spatial-related classification scheme; thanks to infrared bands. The infrared bands contained
in both imageries could differentiate S11, S12, and S13 classes based on its depth while S21 was identified by the density
of its vegetation coverage.

In addition to several classes of objects, other feature classes in the spatial dimension cannot be distinguished properly
using multispectral classifications as revealed by the low overall accuracy of the spatial-related land cover maps generated
from both Pleiades and Landsat-8 OLI imageries. The low accuracy of both resulted maps as demonstrated in Table 2, was
caused by the inability of these classification methods to accommodate the spatial features in the classification process.
Therefore, other methods which could accommodate spatial features in the classification process are needed to produce
higher accuracy maps for the spatial-related classification schemes.
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Figure 3. Spatial-related classification result using (a) Landsat-8 OLI (b) Pleiades. The class codes refer to the Table 1.

3.3 Error matrix analysis

Based on the error matrix analysis as listed in Table 2, it was known that the highest map accuracy gained from the usage
of Pleiades for mapping the spectral-related land cover class. Although it has a lower spectral resolution rather than
Landsat-8 OLI, the high spatial resolution of Pleiades could be elaborated to identify the object of interest more precisely.
The small pixel size of Pleaides could minimize the tendency to take mixed pixel in the training area collection which
attenuates the separability index as well as the classification accuracy. Besides, the presence of infrared bands as one of
the four multispectral bands of Pleiades were considerably powerful enough to be used in distinguishing the spectral
characteristics of the land cover classes in the spectral dimension.
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Table 2. Comparison of spectral and spatial-related land cover maps generated using Landsat-8 OLI and Pleiades

Landsat-8 OLI Pleiades Landsat-8 OLI Pleiades
Class Class

Code Producer User  Producer  User Claila Producer  User  Producer User
acc acc acc acc acc acc acc acc
Cl1 100 86,09 97,8 99,9 S11 90,21 100 100 100,0
C12 84,02 71,50 91,6 81,7 S12 41,94 98,16 52,84 100,0
C22 63,49 80,27 68,8 94 .4 S13 76,56 17,79 31,40 73,6
C22 99,79 49,00 95,2 80,9 S21 69,68 97,19 87,29 95,8
C31 36,60 91,78 69,2 66,3 S22 42,66 99,42 85,25 66,9

C32 100 30,81 59,7 51,7 S24 12,86 3,01 55,39 6,2
C41 21,44 19,76 37,8 82,5 S31 0,00 0,00 0,08 14,8
C42 15,81 61,08 77,7 244 S41 95,15 80,15 81,57 61,9
Overall Accuracy 66,28 81,7 S43 90,50 19,43 46,79 16,0
Kappa 0.59 0,77 Overall Accuracy 69,59 64,6
Kappa 0,65 0,62

However, the advantages of Pleaides usage were not relatable to be applied in spectral-related where the Pleiades gave
the lowest overall accuracy value as compared to the other three classification results, even though the value was not
significantly different from the usage of Landsat-8 OLI in this case. The low overall accuracies of the classification results
using two images were due to the absence of spatial aspects that should be considered to produce spatial-related land
cover maps. Therefore, the spatial-oriented classes such as S24 and S31 then gave the lowest user’s and producer’s
accuracy which resulted in a decrease of overall accuracy as well as the Kappa coefficient in the classification results
using both images.

4. CONCLUSION

This study revealed that the significant difference in spatial resolution resulting in the direct effects for the spectral-related
classification results. With the usage of higher spatial resolution imagery, the classification process became more precise
and it gave a better accuracy rather than its counterparts. However, the insignificant result of spatial-related land cover
classes gained from the usage of different imageries, implicitly proved that multispectral classification is less suitable to
generate spatial-related land cover maps.
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