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ABSTRACT: Data fusion is used in remote sensing to increase the spatial and spectral resolution of an image. A common fusion method is to combine multispectral images with the panchromatic band from the same satellite with a higher spatial resolution, to create high-resolution multispectral imagery. Research has been undertaken to analyze and develop a suitable fusion method that can combine medium resolution satellite imagery having a sufficiently varied spectral range with high-resolution imagery having a sufficiently high spatial resolution. The basic fusion methods used in this study include Wavelet-PCA and High Pass Filtering which are usually used to combine multispectral images with panchromatic bands from the same satellite and use a spatial and temporal adaptive reflectance fusion model (STARFM) which is generally only for combines Landsat-8 data with MODIS. Combining data from different satellites allows us to increase not only the spatial and spectral resolution but also the temporal resolution which is important for many remote sensing applications such as soil monitoring and phenology. The dataset we used in the experiment was imaging from Pleaides-1B and Landsat-8. To measure the performance of the proposed method, we conducted an evaluation using several measurements such as peak signal-to-noise ratio (PSNR), universal quality image index (UQI), spectral angle mapper (SAM), visual information fidelity (VIF), and block sensitive PSNR (PSNRB). From this study, data on Fusion Pleiades-1B and Landsat-8 with a spatial resolution of 0.5m, which equivalent to the resolution of Pleiades-1B, with the visible spectral range VIS, NIR, and SWIR.
1. INTRODUCTION
Data fusion is commonly used in remote sensing to increase the spatial, spectral, and temporal resolution of an image (Lin et al. 2020; Ma et al. 2018; Zhaoa, Liua, and Weib 2020). The fusion in remote sensing works by combining multisensor, multitemporal, or multiview data to create a new fused data that has a better feature and information than the previous each data (Picone et al. 2018). Some common fusion methods that are widely used for increasing spatial resolution of and images are wavelet principal component analysis (Wavelet-PCA) (Rani 2014; Yang and Gong 2012), Brovey (Tu et al. 2015), Gram Schmidt (Yilmaz et al. 2019), and Ehlers (Ehlers, Klonus, and Åstrand 2010). The general framework of those methods is integrating spectral information from a multispectral image with the spatial detail of the panchromatic band from the same satellite, resulting in an image with high spatial and spectral resolution (Xiangchao et al. 2019). Brovey method merges two images by employing a ratio algorithm, in which the ratio of each band to the sum of chosen bands is calculated and then followed by multiplication with a high spatial resolution image (Ranchin and Wald 2000). Ehlers fusion method combines intensity-hue-saturation (HIS) transformation and Fourier domain filtering (Taylor et al. 2012). The Wavelet-PCA method is a combination of PCA transformation and wavelet transformation, which able to take advantage but avoid the drawbacks of both methods (Wu et al. 2006). Gram Schmidt is a statistical method utilizing the Gram Schmidt transformations based on a component substitution. (Yilmaz et al. 2019).
Research has been undertaken to analyze and develop a suitable fusion method that can combine medium resolution satellite imagery having a sufficiently varied spectral range with high-resolution imagery having a sufficiently high spatial resolution. The latest researches have also been developing a fusion method to increase the temporal resolution alongside the spatial resolution, which is widely known as the spatiotemporal method (Belgiu and Stein 2019). The first to introduce to the spatiotemporal fusion method is (Gao et al. 2006) with the STARFM method which combines the 16-day Landsat data with daily acquired MODIS data, creating a synthetic daily data of Landsat images. This method uses many assumptions which not quite fit with the real-life condition, such as the homogeneity of the land and the absence of disturbance or changes between the temporal range of the data. These shortcomings have been addressed in later researches, such as ESTARFM (Zhu et al. 2010) which enhanced the applicability of the method to the heterogeneous type of land, and STAARCH (Hilker et al. 2009) which able to detect disturbance or reflectance changes.

However, those state of the art methods above still limited to certain data, such as Landsat, MODIS, and MERIS satellite images. Combining data from different satellites allows us to increase not only the spatial and spectral resolution but also the temporal resolution which is important for many remote sensing applications such as soil monitoring and phenology. In this paper, we analyze a suitable fusion method for high spatial remote sensing data Pleiades and medium spatial with wider spectral range Landsat-8. Our goal is to find the best method to create a data with a spatial resolution of 0.5m, which is equivalent to the resolution of Pleiades data, with the visible spectral range VIS, NIR, and SWIR. The basic fusion methods used in this study include and use a spatial and temporal adaptive reflectance fusion model (STARFM) which is generally only for combines Landsat-8 data with MODIS, which we modified to accommodate the fusion of a more varied dataset. To measure the performance of each method, we conduct an evaluation using several measurements including PSNR, UQI, SAM, VIF, and PSNRB.
2. DATA AND METHOD
2.1 Data
The dataset we use in this research is remote sensing images from Pleiades and Landsat-8 satellites. The characteristic differences of each data are presented in Table 1. We use data with the same area of interest and similar acquisition time. The area of the dataset is the Universitas Indonesia campus building and the residency around that located in Depok, Indonesia. The acquisition time is May 2017 and the data quick looks are shown in Figure 1. For one data fusion, we use two Landsat-8 images and one Pleiades image.
	
	Landsat-8
	Pleiades

	Spatial Resolution
	15m (panchromatic),

30m (multispectral)
	0.5m (panchromatic),

2m (multispectral)

	Spectral resolution
	10 bands (0.43 – 12.51 µm)
	4 bands (VNIR)

	Temporal resolution
	16 day
	1 day


Table 1. Characteristics of Landsat-8 and Pleiades Image
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Figure 1. Pleiades (top) and Landsat-8 (bottom) images of Universitas Indonesia and its surrounding

2.2 Method
The method used in this paper consists of four main stages. The first stage is data pre-processing, the second stage is data preparation, the third stage is the fusion process, and the last stage is evaluation. At the first stage, we filter our dataset of Landsat-8 and Pleiades-1A/1B to 0 percent cloud cover and less than a 20-degree incident angle. A radiometric and geometric correction is then conducted to the filtered data. 
The second stage, data preparation, is where the three images recorded from two different satellites are modified to make them similar in size and resolution. First, we disaggregate the two Landsat-8 images by a 30-factor scale, resolving each pixel changed from 30m to 0.5m. Then, we crop all images to 7240×3600 pixel size. After that, we separate each band from the three images into 24 subsets. The 24 subsets are consist of 4 subsets from Pleiades’s blue, green, red, and NIR band; and 20 subsets from the 10 bands of two Landsat images, namely coastal aerosol, blue, green, red, NIR, SWIR1, SWIR2, cirrus, TIRS1, and TIRS2.

The third stage is data fusion in which the subsets are used as input. We use the STARFM method with several modifications. The fusion is done layer by layer, resulting in ten parallel fusion processes. A fusion process requires two subsets of Landsat-8 bands from the two Landsat-8 images and one subset of Pleiades band of a similar wavelength. For example, the two coastal aerosol bands from Landsat-8 and a blue band from the Pleiades are fused into one layer. Blue bands from Landsat-8 are also fused with the blues band from the Pleiades. Two Landsat-8’s green bands are fused with Pleiades’s green band, Two Landsat-8’s red bands are fused with Pleiades’s red band, and the NIR, SWIR1, SWIR2, cirrus, TIRS1, and TIRS2 bands are each merged with the NIR band from the Pleiades. The resulted fusion layers are then stacked into one fused image, resulting in 0.5m spatial resolution and wide spectral resolutions ranging from VIS, NIR, to SWIR. The diagram for our proposed method in the second and third stage is shown in Figure 2. We also conduct data fusion of Landsat-8 and Pleiades using two existing methods, High Pass Filtering and Wavelet-PCA.
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Figure 2. Diagram of the proposed method i.e. modified STARFM

In the fourth stage, we evaluate the results of three fusion methods using several assessments, including peak signal-to-noise ratio (PSNR), universal quality image index (UQI), spectral angle mapper (SAM), visual information fidelity (VIF), and block sensitive PSNR (PSNRB). We compare the three methods using a metric evaluation to find the best method to fuse Landsat-8 and Pleiades data.

3. RESULTS AND DISCUSSION
We have conducted the preprocessing to make the two data, Landsat-8 and Pleiades, have the same size and CRS projection. We then fused them using three methods, High Pass Filtering (HPF), Wavelet-PCA, and starfm. The evaluation of the three methods is compared in Table 2. 
	Method
	PSNR
	UQI
	SAM
	VIF
	PSRNB

	HPF
	799.159
	0.965
	0.211
	0.185
	30.347

	Wavelet-PCA
	801.641
	0.983
	0.164
	0.400
	30.565

	STARFM
	690.389
	0.725
	0.261
	0.009
	29.818


Table 2. Evaluation metric for three fusion method

PSNR, as the name implied, is a ratio between the maximum possible signal and the noise in an image. The higher the value of PSNR, the higher the quality of the image (Horé and Ziou 2010). From Table 2, it can be seen the Wavelet-PCA method gives the highest value of PSNR. UQI is an image evaluation method which models the image distortion using several factors such as correlation loss, contrast distortion, and luminance distortion (Wang and Bovik 2002). Our modified STARFM method gives the lowest value of UQI, meaning that the distortion in the fused image of STARFM is the smallest. Spectral angle mapper (SAM) calculates the spectral angle’s absolute value between two pixels. The closer the value to zero, the smaller the spectral distortion of the two pixels (Alparone et al. 2008). In the SAM parameter, Wavelet-PCA gives the smallest value. VIF measures how much information is retained in a distorted image (Sheikh and Bovik 2004). The Wavelet-PCA method again yields the largest value, indicating that the fused image from Wavelet-PCA can retain most of the information. PSNRB is a modified PSNR that consider the blocking effect factor (Yim and Bovik 2011). Based on the PSNRB value, the STARFM method gives the best result among the three methods. 
From the five evaluation parameters we used, it can be seen that both our proposed method and the existing method Wavelet-PCA are quite a on par, although Wavelet-PCA is winning in more parameters. We then did a visual analysis to further compare the three methods, as shown in Figure 3, Figure 4, and Figure 5. From the resulted fused images, it is visually obvious that the proposed modified STARFM is more superior to the other two existing methods.
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Figure 3. The fused image from the HPF method
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Figure 4. The fused image from the Wavelet-PCA method
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Figure 5. The fused image from the STARFM method

4. CONCLUSION
Quantitatively, it can be seen that the Wavelet-PCA method gives a better value in the comparison parameters. However, from visual evaluation, we can see that the STARFM method yields a better-fused image. For future work, we are going to test the accuracy of both fused images in urban identification.
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