The 42" Asian Conference on Remote Sensing (ACRS2021)
22-24™ November, 2021 in Can Tho University, Can Tho city, Vietnam

EVALUATING PERFORMANCE OF MAJORITY RULES IN PER-PIXEL AND OBIA
LAND-COVER CLASSIFICATION USING WORLDVIEW MULTISPECTRAL
IMAGERY OF URBAN FRINGE AREA, INDONESIA

Projo Danoedoro?, Diwyacitta Dirda Gupita'?, Pronika Kricella?
'Remote Sensing Laboratory, Department of Geographical Information Science, Universitas Gadjah Mada,

Bulaksumur Yogyakarta 55281, Indonesia

Email: projo.danoedoro@geo.ugm.ac.id
2Remote Sensing MSc Program, Department of Geographical Information Science, Universitas Gadjah Mada,

Bulaksumur Yogyakarta 55281, Indonesia,

Email: pronikakricella@mail.ugm.ac.id
3Department of Geography, Norwegian University of Science and Technology (NTNU),
Moholt Alle 6 - 32, 7050 Trondheim, Norway
Email: diwyacig@stud.ntnu.no

KEY WORDS: OBIA, majority filter, land-cover classification, Worldview, Indonesia.

ABSTRACT: OBIA classification has been considered as being able to overcome the limitations of per-pixel
methods for high-spatial resolution images. On the other hand, per-pixel classification also often relies on the use of
majority filters to generalize the appearance of various classes that give a salt-and-pepper effect. This study aimed
to evaluate the performance of the two classifications with different approaches, i.e. simple OBIA and majority
filters of the per-pixel classification results, using Worldview multispectral imagery of Salatiga, Indonesia. In this
study, each classification method applied a combination of several different parameters to derive land-cover maps.
In the OBIA classification, the author used two main steps, namely segmentation and object-based classification.
For the segmentation process, several parameters were combined with different values including the weights of
input spectral bands, average and variance, moving window size, and similarity tolerance. Hundreds of generated
segments were selected in spectral sampling of each land cover class. Based on these samples, per-pixel
classification was then run to derive a pixel-based land-cover map. After that, the pixel-based map was processed in
two different ways, i.e. (a) combined with the segmentation result to generate an object-based land-cover map
through majority rule in each segment, and (b) majority-filtered at various window sizes to derive land-cover maps
with different levels of generalization. Independent field data was used for accuracy assessment of the maps. We
evaluated the accordance between maps by superimposing the OBIA-based with the majority-filtered maps. It was
found that the combination of different parameters resulted varying accuracies of OBIA classification, and likewise
with the accuracies of the majority-filtered results. We also found that the accordance between the OBIA
classification results and the classified images varied with the window size, where the 7x7 filter gave the highest
match between the OBIA and the filtered per-pixel classification, i.e. 80.29%.

1. INTRODUCTION
1.1 Background and Objective

Image classification is still one of the most important activities in remote sensing, because it can derive thematic
information needed in various geographic analyses (Giri, 2012; Danoedoro, 2019). For high-spatial resolution
images (5 m or higher), the use of per-pixel classification is considered inadequate, because the pixel size is much
higher than the size of the object being classified (Baatz and Schappe, 2000). Object-based classification, which is
included in OBIA (Object-based Image Analysis), is considered capable of overcoming the limitations of per-pixel
classification because it is able to classify object features as a collection of pixels contextually by taking into
account various textural parameters (color, shape, size, texture, pattern) and even being able to accommodate
landscape metrics considerations (Jensen, 2015; Lebourgeois et al., 2017; Ventura et al., 2018; De Castro et al.,
2018).

There are many object-based classification methods, but in the last two decades this classification method mostly
accommodates object-based segmentation methods first (Dragut et al., 2014; Blaschke et al., 2016; Eastman, 2019),
to divide all pixels in the study area into segments or polygons, each of which represents the appearance of a
particular object. The second step in classification is to take samples in the form of a spectral signatures based on
representative segments to become regions of interest (ROIs) without drawing polygon lines but using polygon
boundaries in the form of existing segments. Spectral signature of each sample segment which represents the type


mailto:projo.danoedoro@geo.ugm.ac.id
mailto:pronikakricella@mail.ugm.ac.id
mailto:diwyacig@stud.ntnu.no

The 42" Asian Conference on Remote Sensing (ACRS2021)
22-24™ November, 2021 in Can Tho University, Can Tho city, Vietnam

or class of objects were then extrapolated as an identifier to label the classes of other segments in the image.

The decision to classify all these segments is substantially different from one algorithm to another (Elhadi and
Zomrawi, 2009; Hussein, 2013; Blaschke et al., 2014; Ventura et al., 2018). The simplest method used by Eastman
(2019) includes the following steps: (a) using the segment spectral signature as input in the per-pixel classification
and generating a per-pixel classified image, (b) combining the per-pixel classified image with the segmented image
to derive the majority class that appears most often in each segment, and replaces the segment label with reference
to the class that occurs most often. In other words, object-based classification as developed by Eastman (2019) is a
method of aggregating the results of segment-based classification, and gives a generalization effect at the segment
level. The result of this process is a land-cover/land-use map in both a raster and vector data models, which can be
edited in a vector-based GIS environment (Danoedoro, 2020).

On the other hand, the nominal filtering method in the form of a majority filter has also been commonly used as an
effort to generalize the direct results of per-pixel multispectral classification, in order to reduce the salt-and-pepper
effect (Gao, 2010; Mather and Koch, 2011; Ma and Nie, 2018). The results of the multispectral classification
contain land cover class labels filtered by the convolution method through moving windows measuring 3x3, 5x5,
7x7 and so on, and in each window a majority label (mode) is determined which replaces the label in the center of
the window. The larger the filter window size, the more generalized the appearance of the classification results.
This method is able to produce classified and generalized images that have the potential to be converted into vector
data models through raster-to-vector conversion, for later editing in a vector-based GIS environment (Danoedoro,
2019).

The availability of these two methods for deriving vectorized raster maps resulting from a certain level of
generalization raised curiosity regarding the effectiveness of the methods and the resultant accuracy, particularly
when they were applied to images with different levels of generalization. Based on this background, this study
aimed to compare the effect of the use of the majority rules on the results of object-based classification and majority
filtering and relate them to the accuracy obtained.

1.2 Study area and Materials

This study made use Worldview-2 imagery covering the urban fringe area of Salatiga, Central Java, Indonesia with
2000 x 2000 pixels and at 2 m spatial resolution, which means represents an area of 4 x 4 km?. The image was
recorded on 18 May 2018 and available in eight spectral bands (coastal, 400 - 450 nm; blue, 450 - 510 nm; green,
510 - 580 nm; yellow, 585 - 625 nm; red, 630 - 690 nm; red edge, 705 - 745 nm; near infrared-1, 770 - 895 nm; and
near infrared-2, 860 - 1040 nm). We did not utilize the shortwave infrared bands due to their different spatial
resolution. An overview of the study area is given in Figure 1, which is presented in standard false color composite
image. As showed in Figure 1, the study area consists of various land-cover/land-use categories such as settlement
and other urban buildings, agricultural land with annual crops including rice, mixed garden, rubber plantation, and a
small portion of natural lake partly covered with aquatic weed (Eichhornia crassipes).
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Figure 1. Study area as represented by a false color composite Worldview imagery
©Worldview image copyright DigitalGlobe (2018)
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2. METHODS

The author developed methods in this study and organized them into three stages. The first was object-based image
segmentation, followed by per-pixel classification and majority filtering-based generalization. The second was
object-based classification using segmentation and per-pixel classification results. While the third was accuracy
assessment of resultant maps, followed by map-to-map comparison involving the OBIA and majority-filtered
classification results in various window sizes. Figure 2 depicts the procedure developed in this study.
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Figure 2. Flow diagram of the study
2.1 Per-pixel Classification and Majority Filtering

Per-pixel classification worked using supervised approach, where the samples were taken based on the prior
knowledge of the land-cover in the study area. The prior knowledge was supported by field orientation, local
knowledge, and conceptual understanding about the relationship between land-cover and spectral response. In order
to make a fair comparison, the per-pixel classification also made use of the same samples (segment-based ROISs)
utilized by the object-based classification (see Figure 2 and explanation in sub section 2.2). This study applied four
per-pixel classification algorithms, i.e. minimum distance to mean, K-nearest neighbor, maximum likelihood, and
support vector machine (SVM) (Mather and Koch, 2011; Mountrakis et al., 2011; Eastman, 2019). After that, we
carried out accuracy assessment on each classification result using independent field reference. The validating field
reference were in form of polygons, collected during field observation. We selected the validating samples using a
computer-based stratified random sampling approach, although we also made some adjustment due to the
circumstances in the field, particularly in the swampy area. Following the per-pixel classification, this study also
applied a set of majority filters to the original resultant land-cover maps. We used 3x3, 5x5, 7x7, 9x9, 11x11 and
13x13 window size filter to generalize the classified pixels.
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2.2 Image Segmentation and Object-based Classification

This study made use of OBIA classification with respect to the one developed by Egberth and Nilsson (2010) and
Eastman (2019). The OBIA classification consisted of several stages, i.e. (a) object-based image segmentation, (b)
spectral signature development using several resultant segments as region of interest (ROI)-based samples, (c) per-
pixel classification using the ROI or segment-based samples, and (d) object-based classification by combining the
segmentation results and the per-pixel classification image.

The segmentation process followed a watershed definition-like procedure, which can be categorized as edge
detection segmentation (Egberth and Nilsson, 2010; Gonzales and Woods, 2017; Johnson and Lei, 2020; Badhori et
al., 2020.), where the image pixels were divided into small regions according to their variance. The low variance
within a given moving window indicates a relatively homogeneous objects, while the high variance indicates
boundary between two regions. This method worked iteratively, controlled by a set of parameters including
window size, input spectral band weights, variance weights, mean weights, and similarity tolerance. Low similarity
tolerance would let the adjoining defined regions with certain statistical characteristics remain separated, while high
similarity tolerance made several regions with similar statistical characteristics joined together into larger ones.

Once the segmented image delivered, a process of evaluation was carried out by overlaying the segment map (in
vector model) on the color composite images. Several color composite images (true color, standard false color, and
PCA-based false color) were required to ensure that the segments matched with the land-cover boundaries
perceived, with respect to the land-cover classification scheme used in this project. This study utilized a
classification scheme developed by Danoedoro (2019), which differentiates land-cover/land-use dimensions into
spectral, spatial, temporal, ecological and socio-economic aspects. Based on the evaluation, other combinations of
segmentation parameters were run to generate the best segmented maps.

The segmented map was then used as a basis for spectral signature development. The authors selected segments as
ROI, and the spectral signature of pixels within each segment was computed. The spectral signature files were then
used in a per-pixel classification to derive a pixel-based land-cover map. The object-based image classification was
carried out by overlaying the resultant pixel-based land-cover map (which performs salt-and-pepper effect) with the
segmented image (in raster data model). A majority rule converted the per-pixel land-cover map into object-based
one by taking the predominant class or label existing in each segment as the prevailing land-cover class.

2.3 Classification Comparison

Comparison between OBIA and per-pixel classification results worked by overlaying several pairs of OBIA and
original classification results, as well as majority-filtered land-cover maps. By overlaying these maps, the
accordance between them could be obtained and analyzed in relation with the accuracy achieved. The comparison
results were presented in terms of tables and maps.

3. RESULTS AND DISCUSSION

3.1. Per-pixel Classification and Majority Filtering Results

This study made use of the per-pixel classification result, which was classified using spectral signature samples
from the segment-based ROIs. We tested four classification algorithms, i.e. minimum distance to mean, K-nearest
neighbor, maximum likelihood, and SVM. All algorithms used the same spectral signature samples. As shown in
Table 1, the maximum likelihood algorithm could achieve the best overall accuracy, i.e. 74/86 %, although it was
much lower as compared with the one achieved by the best OBIA classification result that achieved 88.61 %.

Table 1. Per-pixel classification accuracy using various algorithms.

Per-pixel Classification Algorithm Accuracies achieved (%)
Average Average Overall
Accuracy Reliability Accuracy
Minimum distance to mean 60.66 58.98 70.34
K-nearest neighbor 62.05 59.74 73.02
Maximum likelihood 62.47 60.43 74.86
Support vector machine 62.76 60.21 73.45

Note: Average accuracy = average producer’s accuracy, average reliability = average user’s accuracy
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Based on the obtained per-pixel classification results, we applied majority filtering to the best one, i.e. the
maximum likelihood-based land-cover map, using 3x3 up to 13x13 window sizes. Each majority filtered land-
cover map was then superimposed with the same independent field dataset containing polygons, which has been
utilized for accuracy assessment of OBIA-based and pixel-based land-cover maps. This study found that the best
majority-filtered land-cover maps --as viewed from their accuracy-- were the ones filtered using 7x7 window size.
This means that majority filtering technique could improve the quality of per-pixel classification result, particularly
at 7x7 window size. This finding confirmed the results obtained by previous studies (Danoedoro 2006; Danoedoro,
2009), which used Landsat ETM+ and Quickbird imagery. Figure 3 shows the comparison between original and
majority-filtered classification results. The majority filter reached the highest accuracy at 7x7 window size, i.e.
84.53%. and this peak gradually decreases when the window size increases to 9x9, 11x11, and 13x13 respectively.
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Figure 3. Original per-pixel classification result and examples of majority-filtered ones. Graphics on the bottom
right corner shows the complete results.

3.2. Segmentation Results

This study tried 13 combinations of parameters for carrying out the segmentation process. The first 10 combinations
focused on the weight of the input bands. The default was evenly distributed weights for each band. After that, the
more weights were given to near infrared and red bands, and then PCA bands which were less correlated with
others. Further modification was applied to the variance and mean weights, by which the increase of one parameter
automatically reduced the other one, since the total weight is 1.0. Finally, changes were given to the value of
similarity tolerance, where the smaller value indicates more detailed segments. Evaluation of the segmentation
results were carried out by overlaying the segments in vector data model on the color composite images (Figure 4).
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Table 2. Parameters used for the best three object-based segmentation and classification and their accuracies
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3.3. OBIA Classification Results

Based on a total of 360 samples using existing segments as ROIs, per-pixel classification was run to generate the
pixel-based land-cover map. In the object-based classification, the pixel-based land-cover map was then super-
imposed with the segment map previously produced (see Figure 4). The OBIA classification procedure applied a
majority or mode rule to take the predominant class within each segment, so that the object-based land-cover map
could be delivered. A total of three versions of object-based land-cover map have been produced and further
considered in the next analysis, generated from the highest accuracies they achieved among others. Two
combinations made use of PC1 and PC2 images generated using principal component analysis of the eight original
bands, and they achieved the best accuracy levels. Accuracy assessment of these OBIA products was carried out by
using 291 samples of polygons (containing 106,367 pixels), taken independently in the field with the support from
pan-sharpened Worldview and Google Earth imagery. These polygons were then superimposed with the produced
OBIA maps in order to generate error matrices of accuracy assessment according to Congalton and Green (2019).
Table 2 depicts the three OBIA land-cover maps with the highest accuracies have different combination of
segmentation parameters, while Figure 5 shows them visually.
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Figure 4. The entire coverage of the study area and two examples (one in false color and the other one in true color)
of small portion that have been segmented. © Worldview image copyright DigitalGlobe (2018).
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Figure 5. Three examples of OBIA land-cover classification result at different accuracies.
3.4. Comparison between OBIA and Pixel-pixel Classification Results

In order to make a fair comparison between the OBIA and the per-pixel classification results, this study tried to
control other variables in such a way so that they were kept the same. The spectral signature of samples for the
OBIA and the per-pixel classifications were exactly the same. The per-pixel classification result used as input to
the object-based classification was also the same as the one that majority filtered. Furthermore, the independent
dataset for accuracy assessment, which contain polygons, were the same in location, number of polygons and pixels,
as well as the number of classes.

Prior to spatial comparison between two classification approaches, we compared the results statistically. The per-
pixel classification produced land-cover maps with relatively low overall accuracy, even using the best algorithm
and support vector machine, which only reached 74.86% and 73.45% respectively. Similar results have been
obtained by Sibaruddin et al. (2018) and Putri and Danoedoro (2019) using two different classification schemes.
These values where much lower than those of the best three OBIA classification results. The use of majority
filtering could increase the accuracy, and this reached the peak in around 5x5 up to 9x9 filter window size, which
confirmed previous results by Daneodoro (2006) and Cui et al. (2018), even though the best accuracies achieved
were still lower than those of OBIA classification results.

Figure 6 shows a map-to-map comparison method for evaluating the level of accordance or match rate between the
OBIA and per-pixel classification results. A simple Boolean logic was run in order to classify the results into
“match” and “not match”. We defined “match” class when the superimposed maps found that pixels on the same
coordinates exhibit the same class, and “not match” was defined when they were otherwise. Figure 7 shows
different results when three versions of OBIA classification result were superimposed with the original and
majority-filtered per-pixel land-cover maps. There were three version of OBIA land-cover maps generated using
different combination of parameters, which achieved relative high accuracy. The first one has 82.21% accuracy, the
second one reached 84.02%, and the last one achieved the best accuracy, i.e. 88.61%.
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Figure 6. Accordance levels between the OBIA classification at 88.61% accuracy and the per-pixel land-cover maps

Figure 7 shows the pattern of changes in the match level of the majority filtered- and the OBIA classification results
(in the form of a bar chart), which is compared to the pattern of changes in the accuracy of each map of the majority
filtered per-pixel classification. We performed this analysis for the three results of the OBIA classification
separately, and each has a different accuracy level.

In Figure 7a, with an OBIA classification accuracy of 82.21%, it can be seen that the trend of the match rate
between the majority filtering and OBIA results increased until the filter window size is 5x5 (77.15%), and then
continued to decrease until the window size is 13x13. This pattern was not in line with the one of increasing
accuracy of the majority filtering results, where the highest accuracy (84.53%) was achieved at a 7x7 window size.
In the Figure 7b with an OBIA classification accuracy of 84.02%, the highest match between the OBIA results and
the majority filtering was achieved at the 5x5 filter window size (80.26%), although with a very small difference as
compared to the 7x7 filter window size with a match rate of 79.93%. The highest accuracy of the filtering results as
a comparison was the same, i.e. 84.53% at the 7x7 filter window size. In the Figure 7c, with the accuracy of the
OBIA classification results of 88.61%, the trend of the two models was almost the same, where the accordance
between the two models reaches the peak of the 7x7 filter window size with a match level of 80.29%.
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Figure 7. Accordance between OBIA and per-pixel classification results, as compared to the accuracies achieved.

One thing that distinguishes the three figures was the level of similarity between the filtering results’ trend of
accuracy and the trend of the accordance between the two models. In the Figure 7a, where the accuracy of the
OBIA classification results was lowest, the pattern was the most different; while in the Figure 7c, which used the
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results of the OBIA classification with the highest accuracy, the patterns were the most similar. That is to say, the
level of accordance between the two models was influenced by the level of accuracy of each approach.

Since this observation was only carried out using a single spatial resolution, i.e. 2 m with Worldview imagery, more
general conclusion can only be made when several images with different spatial resolutions are involved. Therefore,
this study also recommend the use of other images with various spatial resolutions to be observed.

4. CONCLUSIONS

In a land-cover mapping based on digital classification of resolution imagery such as Worldview, a simple OBIA
classification using majority rule was able to provide higher accuracy than multispectral classification with a per-
pixel approach. However, the per-pixel classification accuracy could increase when a majority filtering applied.
The accuracy increased at 7x7 filter window size, and then decreased until the window size reached 13x13, even
though the highest accuracy achieved was still lower than that of OBIA. Based on the comparison between the
majority rules applied to OBIA and per-pixel classifications, this study found that the accordance between the two
approaches tended to be higher when the two maps being compared also have high accuracies.
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