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Abstract. Agricultural land has a strategic role and function for people whose majority of the population depend on the agricultural sector. And the paddy fields of the media or the means to produce fertile rice and rice fields will produce good rice production and abundant harvests. The purpose of this study was to identify paddy fields in Subang District, West Java. The data used are LAPAN A3 and Landsat 8 satellites using the classification method of digital object based image analysis (OBIA) and testing the accuracy with confusion matrix. The classification results were obtained by 4 classes are water paddy fields, vegetation fields, fallow paady fields, and non-paddy fields where LAPAN A3 data uses green, red, and NIR bands because it has a spectral resolution that is easy to use in identifying vegetation and water by relying on computers in the processing. While Landsat 8 data uses visual classification based on interpretation keys (hue and color, texture, shape, size, pattern, site, shadow, and association). The classification results from LAPAN A3 data were then tested for accuracy and Landsat 8 data as references by making a contingency matrix or error matrix. Taking 48 samples resulted in an accuracy test of 62.5% with a Kappa accuracy value of 0.5.
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1 INTRODUCTION

Indonesia is an agrarian country where most of it is an agricultural region and is used as a source of food security. Information related to the availability of agricultural land is a top priority in national programs that can be obtained and managed quickly and accurately by the strata of society (Setiawan, et al. 2018). Agricultural land according to Nugroho (2015) has a strategic role and function for an agrarian-style community because most of the population depends on the agricultural sector. 
In the framework of sustainable agricultural development, land is the main resource in agricultural business, especially in the condition that most of the business sectors that are developed still depend on land based agricultural patterns. And a high population growth will encourage increased demand for food and natural resources (Agus, 2004). Rice fields are the media or means to produce rice and fertile fields will produce good rice production and abundant harvests. To identify paddy fields using Remote sensing technology. Remote sensing which is a science and technology to obtain, process and interpret images that can be utilized in various desired applications (Ardiansyah, Sawitri Subiyanto, 2015). Remote sensing has been recognized as a powerful and effective tool in detecting land use and land cover changes. The form of spatial information resulting from identification of paddy fields based on cropping patterns can be explained by watery fields, vegetative fields, generative fields, fallow fields and non-rice fields. The dynamics of changes in cropping patterns can occur from year to year following climate conditions and land characteristics (Setiawan et al., 2018; Setiawan & Yoshino, 2014).

The basic problem is the spatial information related to natural resources and the environment, especially for the identification of paddy fields, annual agricultural land, rice productivity, rice growth phase and estimated harvest area or the beginning of the planting season is still lacking so that the development of satellite technology is able to provide more basic data accurate and fast. Currently LAPAN and IPB have developed and launched the LAPAN-IPB satellite (LAPAN-IPB Satellite / LISAT or LAPAN-A3) to support food security and environmental monitoring in Indonesia (Setiawan et al., 2018). The LAPAN A3 satellite has the characteristics of a spatial resolution of 18 m, a sweeping width of 122.4 km, a repetition time of 21 days, a 16 bit radiometric quantity, and has 4 bands namely Blue (B1), Green (B2), Red (B3) and NIR (Near Infrared) B4).
Satelit LAPAN A3 ini mempunyai tugas yang sangat kompleks sebagai sistem observasi bumi operasional pertama yang dikembangkan oleh tenaga ahli Indonesia (Setiawan et al., 2018). Satelit LAPAN A3 mempunyai misi dalam pemantauan bumi yaitu dibidang ketahanan pangan dan lingkungan, pemantauan kapal, perencananaan pembangunan berkelanjutan dan mitigasi bencana (J. T. Nugroho, Zylshal, & Kushardono, 2018). Resolusi spasial LAPAN A3 dikategorikan sebagai resolusi menengah sepeti pada Landsat 8 dan diharapkan data LAPAN A3 dapat melengkapi data Landsat 8 dan data resolusi menengah lainnya (Zylshal, Sari, Nugroho, & Kushardono, 2017). Pada saat ini banyak sekali berkembang berbagai macam teknologi aplikasi yang memudahkan pengguna dalam menghasilkan informasi spasial salah satunya adalah klasifikasi object based image analysis (OBIA). OBIA merupakan pendekatan yang proses klasifikasinya tidak hanya mempertimbangkan aspek spektral namun aspek spasial objek (Wibowo & Danoedoro, 2010 dalam Hurd dkk 2006), dimana  proses segmentasi dikelompokkan berdasarkan pada piksel yang berdekatan dengan kualitas yang sama (kesamaan spektral). Secara umum proses klasifikasi dengan metode OBIA melalui dua tahapan utama yaitu segmentasi citra dan klasifikasi tiap segmen (Wibowo & Danoedoro, 2010 dalam Xiaoxia, dkk 2004). Pada prinsipnya pendekatan klasifikasi yang menggunakan OBIA dinilai lebih baik daripada klasifikasi berbasis pixel, karena pendekatan yang dilakukan mempertimbangkan aspek spectral dan spasial.

2 MATERIALS AND METHODOLOGY
2.1 Location and Data

The location of this research is in Subang Regency, West Java. The data used are multispectral LAPAN A3 satellites acquired on 19 June 2017 which are used to identify the phase of rice plants in paddy fields, while Landsat 8 OLI data acquired on 17 June 2017 is used to test the level of accuracy of accuracy between LAPAN A3 data with Landsat 8.

2.2  Methods

The data processing method used in this study is geometric correction of LAPAN A3 data using Landsat 8 data as a reference in the correction process. Geometric Correction, performed using a control point / GCP (Ground Control point) and the GCP point obtained using the corrected Landsat 8 Image georeference.

The next step is cropping or cutting image data in the area used in the research study. After cropping, the object-oriented classification process is carried out by segmenting the image. In the process of segmentation using Ecognation software. The process of making a segment using this algorithm consists of two parameters, namely similarity threshold and area threshold, determining the value of these two parameters will determine the formation of existing segments. If the similarity threshold value is too low will result in oversegmented or the excess formation of existing segments, objects that should be grouped in one segment will be grouped in more than one segment appearance, but if the similarity threshold value is too large, it will cause a segment deficiency. The threshold area parameter is an assumed value of the minimum number of pixels that exists in one segment, so the process of assigning values ​​to this parameter also considers the appearance of the smallest object that is trying to be grouped or segmented. The results of the segmented image then become input to the classification process. The image of this segment functions as one of the classification units based on the statistical value of the segment and not based on the pixel value per pixel and the formation of this segment can be said to represent a unified object (T. S. Wibowo, 2009).
Testing accuracy using confusion matrices as contingency tables or error matrices. Contingency tables are tables used to measure the relationship (association) between two categorical variables where the table summarizes the common frequency of observations in each variable category. The accuracy value can be divided into two namely overall accuracy as the total class classified divided by the total reference class, while the accuracy value of the individual category is further divided into two parts namely producer's accuracy and user accuracy (Jaya, 2010). Testing the accuracy value is done from the digital classification results of LAPAN A3 data that are overlapped with Landsat 8 data that are visually classified. The equation used to determine the accuracy value is:
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OA = Overall Accuracy, N = Total number of pixels, Xii = pixel value in row i column I, r = Number of columns or rows in the error matrix
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Figure 2-1. Research location (1) Image of LAPAN A3 full scene with RGB 123 and (2) cropping results of study area with RGB 241.
3   RESULTS AND DISCUSSION

The OBIA classification process on LAPAN A3 data that is used to identify paddy fields in Subang Regency produces 4 classes, namely water paddy fields, vegetation paddy fields, fallow paddy fields, and non paddy fields. In classifying LAPAN A3 data, it uses band green, red, and NIR because it has spectral resolution that is easy to use in identifying vegetation and water. To identify these 4 classes, several samples were used that have the same shape, color and texture (Figure 2). From the results of the segmentation process there are still several oversegmented features in the same object appearance. Oversegmented is due to the inaccuracy in assigning values ​​to each parameter of the algorithm when the segmentation process is carried out. Grading is very influential on the results displayed. For example, in water paddy fields the appearance is almost the same as open land (fallow rice fields), it's just that the water color objects are a little older.
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Figure 3-1. The results of object-based digital segmentation and sampling of objects that have similarities (a), and the results of classification and welding (b) using LAPAN A3 data on June 19, 2017.
Visual interpretation was performed on Landsat 8 data to identify potential paddy fields based on key interpretations (hue and color, texture, shape, size, pattern, site, shadow, and association) (Figure 3-1). Between LAPAN A3 and Landsat 8 data, it is only 2 days apart from the recording date so that it has the same in welding. Visual interpretation requires the accuracy of the interpreter in identifying an object and usually takes a long time if the area to be classified broadly. While object-based digital classification by relying on computer capabilities requires a relatively fast time. In identifying the potential of paddy fields using LAPAN A3 data with the object-based digital classification process, it takes several samples that have the same color, pattern and texture in order to obtain accurate results. The classes are divided into paddy fields (water, vegetation, and fallow) and non paddy classes. The results of visual interpretation of this Landsat data will be used as a reference in conducting a confusion accuracy matrix test.
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Figure 3-2. Results of visual classification of Landsat 8 data on 17 June 2017 Based on these 2 classifications, an overlay is then performed to see differences in the results of visual and digital classification.

Testing the accuracy of the classification accuracy results, tested by making a contingency matrix / error matrix or confusion matrix (Hendrawan, 2003). The results of visual classification (Landsat 8 data) are considered as a reference to the results of digital classification (LAPAN A3). Samples taken there are 48 which are divided into 4 classes where each class consists of 12 samples. The results of the confusion matrix (Table 1) show that the total accuracy of object-based digital classification of visual classification is 62.5% with a Kappa accuracy value of 0.5. The minimum level of classification accuracy using remote sensing must be no less than 85% (Affan, 2010).
Table 3-1. Accuracy Levels of OBIA classification with Visual Classification
	A3 Lapan Data Accuracy Test with Landsat 8 in 2017

	Lapan A3
	Landsat 8 
	Total 

	
	 
	WP
	VP
	FP
	NP
	

	
	WP
	8
	3
	1
	0
	12

	
	VP
	0
	10
	0
	2
	12

	
	FP
	7
	0
	3
	2
	12

	
	NP
	0
	3
	0
	9
	12

	Total
	15
	16
	4
	13
	48

	
	
	
	
	
	


WP: Water phase paddy fields, VP: Vegetation phase paddy fields, FP: Fallow phase paddy fields, NP: Non Paddy fields
There are some mistakes in testing, which is because in the selection of some sample objects are still mixed and have a degree of similarity in color and texture. As an input in the classification process, band selection also affects the classification results, this is because each object has a different sensitivity to certain wavelengths (U. C. Nugroho et al., 2015).
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(a)                        (b)
Figure 3-4. Water paddy fields in Landsat 8 data (a) and fallow rice fields in LAPAN A3 data (b).
4 CONCLUSION
The conclusion of this study is the total accuracy of digital classification using OBIA LAPAN A3 data with Landsat 8 reference data is 0.65% with an accuracy of Kappa 0.5. this shows that LAPAN A3 data is able to identify paddy fields based on spectral resolution and can be used to supplement Landsat 8. Data to increase the accuracy of classification results requires more samples and the right RGB composition.

ACKNOWLEDGEMENTS
Thank you, the authors say to Ir. I Made Parsa, M. Si, and Mr. Samsul Arifin, S. Si., M. Si who have helped the writer in completing this research.
REFERENCES
Article in Journal (Primary Journal)
Affan, M., Faizah, & Dahlan. (2010). Land Cover Change Analysis Using Land Cover Change Analysis Using Satellite Images. Natural Journal. 10 (1): 50-55

Ardiansyah, Sawitri Subyanto, A. S. (2015). Identification Of Paddy FIelds Using Ndvi And Pca In Landsat 8 Image (Case Study: Demak Regency, Central Java). Undip Geodetic Journal October 2015 267-2276., 4, 316–324.

Jaya Ins. 2010. Digital Image Analysis Remote Sensing Perspective for Natural Resource Management. Faculty of Forestry, Bogor Agricultural University.

Journal article with DOI (and with page numbers)
Nugroho, J. T., Zylshal, Z., & Kushardono, D. (2018). Lapan-a3 Satellite Data Analysis for Land Cover Classification (Case Study: Toba Lake Area, North Sumatra). International Journal of Remote Sensing and Earth Sciences (IJReSES), 15 (1), 71. https://doi.org/10.30536/j.ijreses.2018.v15.a2782

Nugroho, U. C., Susanto, Yudhatama, D., & Mukhoriyah. (2015). IDENTIFICATION OF TIN MINING LAND USING MAXIMUM LIKELIHOOD GUIDED METHOD IN LANDSAT 8 IMAGE (Identification of Tin Mining Areas Using Maximum Likelihood Supervised Classification on Landsat 8 Image). Globe Magazine, 17 (1), 9-15. Retrieved from http://jurnal.big.go.id/index.php/GL/article/view/213

Setiawan, Y., Prasetyo, L. B., Pawitan, H., Liyantono, L., Syartinilia, S., Wijayanto, A. K., Hakim, P. R. (2018). Utilization of Satellite Data Fusion Lapan-a3 / Ipb and Landsat 8 for Monitoring Rice Fields. Journal of Natural Resources and Environmental Management (Journal of Natural Resources and Environmental Management), 8 (1), 67–76. https://doi.org/10.29244/jpsl.8.1.67-76

Setiawan, Y., & Yoshino, K. (2014). Detecting land-use change from seasonal vegetation dynamics on a regional scale with MODIS EVI 250-m time-series imagery. Journal of Land Use Science, 9 (3), 304-330. https://doi.org/10.1080/1747423X.2013.786151

Wibowo, T. S. (2009). Object-based image analysis. Jurnal Bumi Indonesia, I (3). https://doi.org/10.1007/978-3-540-79132-4_8

Wibowo, T. W., & Danoedoro, P. (2010). Comparison of Multispectral Classification with Object Oriented Classification for Alos Avnir-2 Image-Based Land Cover Extraction. Comparison of Multispectral Classification and Object Oriented Classification for Alos Avnir-2 Image-Based Land Cover Extraction, (August). https://doi.org/10.13140/RG.2.1.2100.9366

Zylshal, Z., Sari, N. M., Nugroho, J. T., & Kushardono, D. (2017). Comparison of Spectral Characteristics between LAPAN-A3 and Sentinel-2A. IOP Conference Series: Earth and Environmental Science, 98 (1). https://doi.org/10.1088/1755-1315/98/1/012051

