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ABSTRACT

Medium resolution satellite data such as Landsat is very potential for mixed pixel (mixel) to occur. Indonesian land use diverse especially urban areas makes high potential mixel in the first Landsat pixel size of 30 meters x 30 meters on the actual condition. Aircraft multispectral aerial photo data LAPAN Surveillance Aircraft (LSA) with a spatial resolution reached 58 cm can display objects in more detail in these sizes. The purpose of this research is to study mixel on Landsat data with multispectral data LSA as a complement Landsat data. The method proposed in this study is a visual interpretation with GEOBIA method for classification of land cover, and then test the validity of the sample to be used in research, and the use of such vegetation index NDVI to see the connection between vegetation index data of vegetation index LSA with Landsat data. The results showed that the regression equation obtained by regression between NDVI of Landsat data and NDVI of  LSA with a significance of less than 0.05 is y = 0.732x - 0102 with a value of R2 = 0.887. Through these results we can conclude that the NDVI values ​​on both the data related to one another.
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1. Introduction
Landsat imagery data is a popular data and has been widely used for various kinds of applications, including in a research by Sholihah et al. (2016) which found that the drought monitoring of agricultural land can be conducted by observing the vegetation health index (Vegetation Health Index/ VHI). Landsat 8 has been assessed by the user to look at the area of hydrothermal alteration copper mine. It used the existing TIR band and these data was able to do lithological mapping (Pour and Hashim, 2015). Integrated use of Landsat and LIDAR to map forest structure and biomass is done by Zald et al. (2016) in the area of Saskatchewan, Canada which gained moderate to high level of accuracy of its model (the value of R 2 = 0.42 to 0.69). The use of remote sensing data with different resolutions, namely Landsat and Ikonos also be applied to determine soil erosion (Wang et al., 2011). The use of Landsat in the surface water monitoring in Australia has been done by Mueller et al. (2016) following the extreme floods in 2011 which used two decades data and developed standard algorithms on medium resolution satellite data for surface water. Landsat data is also used to evaluate changes in land use/ land cover along with the surface temperature pattern formed by the surface temperature is correlated with land use (Lv and Zhou, 2011). Landsat ortho has also been used to validate the model for mapping wetland area of Lampung province with level of accuracy reached 90.6% (Parsa et al., 2014).
The diversity of land cover occur in urban areas where the cities are areas with a high physical development of the region as the implications of increasing population (Widodo et al., 2015). The dynamics of rapid physical development of the city (Mikovits et al., 2014) affects traffic that one of the affected aspect is an urban road network density (Xing et al., 2013) which also adds the diversity of land cover in the city. Good urban planning in land use affect the quality of the city containing both the complexity of land use and of human activity on it to create a sustainable urban development (Vorontsova et Al., 2016).
The city is a  region of land cover is very diverse as an example of Bandung on Green Open Space just have a diversity of land cover such as the area of trees, mixed garden, farm, bush/ shrub, open land and paddy fields (Narulita et al., 2016).
For that, study of mixed pixel (mixel) will be needed for further analysis. At Kuningan Regency, West Java the land cover changes causing narrow boundaries of land cover for the growth of residential area that is initially homogeneous consist of mixed garden or natural forests (Nasihin et al., 2016). Indonesia is a country with high prospective housing construction market with the regulation and affordability (Monkkonen, 2013).
On the other hand, the area of Indonesia with high diversity of land use/ land cover is tourism area including the Gili Matra island in Lombok, West Nusa Tenggara including land use/ land cover like shoal beach, sand beach, salty lake, mangrove area, mixed forest, plantation, bare areas, non built-up areas, settlements area, also tourism accomodation area.  Land conversion into built-up area here occured very fast because of the major influence on the ease of access (Kurniawan et al., 2016).
Landsat data with a resolution of 30m which includes an area with high diversity of land cover has potential mixed pixel/ mixel which actually consist of several objects. Mixed pixel or mixel will be higher at imagery data with a coarse resolution (Danoedoro, 2009). Good ability of higher resolution imagery data to display objects in an imagery make the amount of pure pixels is more than low resolution imagery which tends to have a lot of mixed pixels (Hoyano and Komatsu, 1988). 
The mixture in a pixel can occur in various forms including a boundary between two or more areas of the mapping unit, part of pixels in the form of a line, part of pixels in the form of an object, and intergrade or changes from one object to another object gradually (Fisher, 1997). The use of mixel to be a training data in classification is conducted by Foody and Mathur (2006) and obtained the overall accuracy of 92%. Referring to a research by Hoyano and Komatsu (1988) that divides pixels in several types, including pure pixels, mixel A and B. Mixel A is composed of several categories and does not have a separate section while mixel B is mixel containing several classes/ category and has a separate section.
 The use of very high resolution remotely sensed data, for example WorldView-2 for detection of changes in land use like grazing with Landsat-8 as a previous condition data will obtain higher accuracy because the more specific changes will be detected while different objects in Landsat-8 scale are displayed in the same pixel (Tarantino et al. 2016). In other research using object-based method, the separation of objects conducted in three methods, first is based on Landsat TM and SPOT 5, second is only on SPOT 5 data and the last is only on Landsat TM. Of the three methods, the optimum segment result obtained is based on TM/ SPOT5 and only from SPOT5. By looking at the optimum result, it was concluded that the SPOT 5 data with higher resolution can improve the accuracy from 72.35% to 82.94%. With the increasing accuracy of the result, it is known that high-resolution data can be used to be a complement of Landsat data (Sun et al., 2014). Mixel study is important to measure the accuracy of satellite imagery.
Band on Tetracam multispectral camera used by LSA is able to detect vegetation well (Tetracam Inc., 2011). Aerial remote sensing using aerial vehicle called LSA (LAPAN Surveillance Aircraft) that carried a payload in the form of Tetracam camera with spatial resolution raching 58cm has been applied further to see the quality of a single object vegetation in urban areas with OBIA method and vegetation index (Nurwita and Dony, 2016) and reached accuracy of 88%. Besides vegetation, LSA multispectral data is capable to display objects clearly at the coastal region (Arifin et al., 2015). LSA multispectral data with a high resolution will be a complement of Landsat data which has lower resolution to see the estimation of mixed pixel occurred on Landsat.
Previous study of mixel divides this area into several types, but has not done stage to see the relationship of the spectral value between low resolution data with a higher resolution one. The purpose of this study is estimating mixel of Landsat data using LAPAN Surveillance Airfcraft multispectral data as complement. 

2. Material and Methods
2.1. Material
The data used in this study is a multispectral image data acquired by the Center for Aviation Technology Space agency on September 19, 2014 includes the urban areas of Indramayu, West Java. The image data that has been acquired has been processed into mosaic and ortho correction by Remote Sensing Application Centre (Dony et al., 2014). Other data used is Landsat 8 acquired on September 22nd 2014 at the same area. The study area is located in urban area of Indramayu, West Java and its surrounding. Landsat data selected is the closest period to the acquisition of LSA data and has low cloud cover.
 




Figure 2-1 LAPAN Surveillance Aircraft (LSA) Data








Figure 2-2  Landsat 8 data 



2.2. Methods



Figure 2-3 Flowchart


(a) Visual interpretation
Visual interpretation based on visual interpretation keys ontology is conducted in the research by Belgiu and Lampoltshammer (2013) which is carried out at LAPAN Surveillance Aircraft (LSA) data which has a very high resolution. Extraction process of objects used object-based classification method with multiresolution segmentation algorithm. After that the sampling was done with purposive sampling by selecting the chosen area.
(b) Construct fishnet
Fishnet construction is made in pixel-sized of Landsat data 30 meters x 30 meters. With this fishnet, process to create sample and analysis will be easier and more precision at the same place.
(c) Sampling
Sample selection was conducted by purposive sampling method that using specific criteria. Similar sampling method is done by specifying criteria for samples to be taken with the specific purpose. In several studies conducted by Smith et al. (2013) and Topp et al. (2004), sample criteria are very specific for sampling respondents. Besides in the study by Iryadi and Sadewo (2015), the chosen land surface area as samples based on certain criteria including vegetation cover, NDVI class and geomorphology unit. In this case the total of samples taken is 35.
(d) Validity assessment of the sample
Validity assessment of sample was conducted at 35 samples selected to normality test. The main variable in this test is the extent of vegetation cover. Normality test was conducted using the Shapiro-Wilk test because the sample size is less than 50 (Shapiro and Wilk, 1965).
(e)  Transformation to NDVI values
Landsat data and LSA data transformation process to the NDVI value is conducted using a formula that uses the NDVI value NIR band and Red band value in its calculations and is one of the most common vegetation index used (Mokarram et al., 2016). 





Theoretically if NDVI value approaches value of 1, the existing vegetation in that area is greener and denser, as if approaches a value of 0, it means that the vegetation is dry or not green whereas if NDVI value is between 0 and -1 then it is not the type of vegetation land cover, and the index can be used to detect changes in land cover (Haque and Basak, 2017).
f) Regression between NDVI of Landsat data and the NDVI of LSA data
Regression was conducted to see the relationship between vegetation index of Landsat data and vegetation index of LSA data

1. Result and Discussion 
Visual interpretation on LSA data is performed after the object is segmented into 797 objects. Classification is performed by dividing the object into 3 classes: water, development area and vegetation as seen at Figure 3.1.


Figure 3-1 Visual interpretation result on LSA data and sample distribution

Water body color is blue, built up area color is magenta and vegetation color is green. From Figure 3.1 we can see that the classification result shows the distribution of three land cover classes based on LSA data and there are several class boundaries in one pixel size 30 meter x 30 meter. In those adjacent areas the occurance potential of mixed pixel is very high.
From visual interpretation result, there are 3 type of land cover, namely water body, built up area and vegetation. In Landsat mixed pixel area, it can be seen that the land cover in that area is a mixture of several objects based on LSA data interpretation. The combination constructed from Landsat mixel include: vegetation-built up area, water body-vegetation, water body-built up area and water body-built up area-vegetation. Besides, the pure pixel consists of vegetation, water body and development area.
To conduct further analysis including sample selection and analysis, the fishnet is constructed with Landsat pixel size 30 meter x 30 meter. Figure 3.1 shows the fishnet overlaid on visual interpretation result. The function of fishnet/ grid is to make the analysis easier like a study in Haiti for population sensus area and usage for modelling in Lake Icaria (Deichmann et al., 2001; Wang dan Cui, 2005). 
Normality test was applied to 35 samples using vegetation area as primary variable. Sample distribution is also shown in Figure 3.1. Because of the total sample is less than 50, the normality test was conducted with Shapiro-Wilk method (Shapiro and Wilk, 1965). The first normality test result is shown in Table 3.1. 
Table 3.1. Normality test result Shapiro-Wilk version 1
	
	Kolmogorov-Smirnova
	Shapiro-Wilk

	
	Statistic
	df
	Sig.
	Statistic
	Df
	Sig.

	Shape_Area
	.195
	35
	.002
	.881
	35
	.001


Significance value which less than 0.05 indicates that the samples did not meet the normal criteria. This was confirmed by histogram and box-plot of tested sample.

	
	

	Histogram sample based on distribution of vegetation area
	Box plot sample based on distribution of 
vegetation area

	Figure 3-2 Normality test result version 1



Because of the first sample group did not pass the normality test, then another sample group was taken with same amount as previous sample group. The result of the normality test on the second sample test shown in Table 3.2 and Figure 3.3.
Table 3.2. Normality test result Shapiro-Wilk untuk sample version 2
	
	Kolmogorov-Smirnova
	Shapiro-Wilk

	
	Statistic
	df
	Sig.
	Statistic
	df
	Sig.

	Shape_Area
	.089
	35
	.200*
	.967
	35
	.368



	
	

	Histogram sample based on distribution of vegetation area
	Box plot sample based on distribution of 
vegetation area

	Figure 3-3 Normality test result version 2



Table 3.2 shows that the Shapiro-Wilk significance value is more than 0.05, this indicates that the sample pass the normality test requirement. This was confirmed with histogram and box plot from that sample. Because the normality test requirement is passed, the analysis of the sample can be continued.


Figure 3-4 Transformation result to NDVI of Landsat Data

Landsat spectral data value was transformed into vegetation index and the result is shown in Figure 3.4 where the lowest value of NDVI is -0.075 and the highest value is 0.61. NDVI value that close to 1 shows vegetation conditions were quite green and dense. When viewed from Landsat composite in Figure 2.2, area with high NDVI value or green located on vegetation area while low NDVI value (yellow until red) located in mixel area and non-vegetation area (water).


Figurer 3-5 Transformation result to NDVI of LSA Data
Transformation to the same index was conducted to LSA data where the NDVI value range from -0.31 until 0.78. The low NDVI value color is red and was located on non-vegetation area/ built up area. Meanwhile the high NDVI value color is green located in vegetation land cover area.

Table 3.3. NDVI Value of Landsat and LSA Data 
	NO.
	NDVI_L8
	NDVI_LSA
	NO.
	NDVI_L8
	NDVI_LSA

	1
	0.1673
	0.0178
	21
	0.2571
	0.0989

	2
	0.3339
	0.1367
	22
	0.1360
	0.1702

	3
	0.4044
	0.1978
	23
	0.4160
	0.2029

	4
	0.4812
	0.2337
	24
	0.2332
	0.0845

	5
	0.3785
	0.2339
	25
	0.1469
	0.1446

	6
	0.3558
	0.1347
	26
	0.1920
	0.0471

	7
	0.2495
	0.0251
	27
	0.2588
	0.1651

	8
	0.3513
	0.1132
	28
	0.2220
	0.0792

	9
	0.4648
	0.2531
	29
	0.3480
	0.1795

	10
	0.2794
	0.1051
	30
	0.4230
	0.2454

	11
	0.4183
	0.1948
	31
	0.1695
	0.0335

	12
	0.3343
	0.1103
	32
	0.2870
	0.0982

	13
	0.3276
	0.1360
	33
	0.2252
	0.0541

	14
	0.2706
	0.0770
	34
	0.2559
	0.1009

	15
	0.3425
	0.1443
	35
	0.1901
	0.0605

	16
	0.3734
	0.1559
	
	
	

	17
	0.2301
	0.1837
	
	
	

	18
	0.4035
	0.2014
	
	
	

	19
	0.3644
	0.1638
	
	
	

	20
	0.2761
	0.0844
	
	
	



NDVI value from Landsat and LSA data shown at Table 3.3 that show NDVI at the same location and same pixel sized area of Landsat 30 meter x 30 meter. From Table 3.3, Landsat 8 and LSA has different NDVI value where LSA NDVI value which has higher spatial resolution has lower NDVI value from Landsat NDVI value except in some areas with grey highlight in Table 3.3 which the value difference is not too high and even has higher value than LSA data. This is because the wavelength of NIR band on Landsat 8 OLI data is narrower than LSA data which can help for water detection (Ke et al, 2015) where the wavelength of LSA data Red, Green, NIR located on TM2, TM3 and TM4 (Tetracam, 2011).



Figure 3-6 Regression between NDVI of LSA Data with NDVI of Landsat Data (35 samples)

[bookmark: _GoBack]The result of the regression test between NDVI of LSA and Landsat data is shown at Figure 3-6 with significance value less than 0.05 that makes error rate less than 5%, the regression equation is y = 0.520x – 0.023 with coefficient of determination or R2 is 0.552, which means that the independent variables are able to explain variances 55.2%. From the graphic at Figure 3-6, there are some outliers from the sample distribution and that outliers are four samples in grey highlight area in Table 3.3. 
Figure 3-1 shows the distribution of total 35 samples. In the study area, the four samples have significance part in water object so the NDVI value on that samples are less related one another as well as the influence of NIR band that has been discussed before. The four samples are those with sample number 17, 22, 25 and 27. On the second regression test, the four samples are removed so the samples used were 31 samples.

Figure 3-7 Regression between NDVI of LSA Data with NDVI Data Landsat (31 samples)
Figure 3-7 shows the result of the second regression test, it can be seen that the sample distribution is more linear and the regression equation is y = 0.732x – 0.102 with R2 = 0.887. This mean that with significance less than 0.05 has confidence level more than 95% with coefficient of determination reaches 0.887. This value indicates that the independent variables are able to explain the variance as 88.7%. In other word, NDVI value on LSA data associated with NDVI value of Landsat data.
4. Conclusion
This study examines how the pixel size of Landsat in 30 meters x 30 meters compared with the LSA data that has a spatial resolution of up to 58 cm. Based on research it is showed that the mixel area on Landsat is a mixture of several objects as seen from LSA multispectral data.
The combination created from each Landsat mixel including: vegetation-built up area, water body-vegetation, water body-built up area, water body-built up area-vegetation.
Spectrally the regression equation obtained by regression between NDVI of Landsat data and NDVI of LSA data after the elimination of 4 samples that were distributed non-linear (outliers) in sample plot regression test with a significance of less than 0.05 is y = 0.732x – 0.102 with value of R2 = 0.887. Through these results we can conclude that the NDVI values on both the data related to one another. 
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